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Abstract: Promoting the rise of Central China is one of the most important national strategies
regarding the promotion of China’s economic development. However, the environmental issues in the
central regions have become remarkably severe. It is therefore worthwhile exploring how economic
development and environmental protection can be coordinated. Focusing on the 29 prefecture-level
cities in the Central Plains Urban Agglomeration, the authors empirically analyze the relationship
between the economy and the environment from 2004 to 2014. The combined methods of the spatial
autocorrelation model, the environmental Kuznets curve, and the global spatial correlation test
are systematically employed. The results show that: (1) a strong spatial correlation exists between
industrial wastewater discharge, industrial sulfur dioxide, and dust emissions in the Central Plains
Urban Agglomeration; (2) the relationship between the economy and the environment of this urban
agglomeration reveals an inverted “U” curve, which confirms the classical environmental Kuznets
curve hypothesis. Industrial dust emissions have surpassed the inflection point of the Kuznets curve,
but its spatial spillover effect still remains strong. This is caused by an accumulation effect and a
lag effect; (3) the proportion of the secondary industry and population has a strong positive effect
on pollution discharge; investments in science and technology have a certain inhibitory effect on
industrial sulfur dioxide emission. Moreover, an increase in the number of industrial enterprises
has a negative effect on industrial wastewater emission. At the end, the authors put forward
policy recommendations regarding the establishment of a joint supervisory department and unified
environmental standards at the regional level to deal with the spillover effects of pollution.
Keywords: Central Plains Urban Agglomeration; Environment Kuznets Curve; spatial auto-correlation model

1. Introduction
In 2016, China’s State Council approved the Development Plan for Central Plains Urban
Agglomeration. Since then, Central Plains Urban Agglomeration (CPUA) has been officially enacted as
a national-level urban agglomeration. According to the document, the Development Plan for the CPUA
issued by the National Development and Reform Commission in December 2016, the CPUA is located
in Central China, covering 30 prefecture-level cities in the provinces Henan, Shanxi, Hebei, Shandong,
and Anhui (Figure 1). It has a total area of 287,000 km2 and an urbanization rate of about 50%. By the
end of 2016, the CPUA had 158 million people and a per capita GDP of 3.51 million Yuan. Its GDP
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reached 5.56 trillion Yuan, ranking the fourth among China’s urban agglomerations, immediately
behind Yangtze River Delta, Pearl River Delta, and Beijing–Tianjin–Hebei region. The central plains
refers to the middle and lower reaches of the Yellow River, including the most parts of Henan Province,
the southern part of Hebei Province, the southern part of Shanxi Province, the east of Shaanxi province,
and the west of Shandong province. The CPUA is part of the central plains. As one of the most
important economic growth poles, the CPUA is significant in boosting the rise of Central China and
spreading economic development further to the central–western regions.

Figure 1. Location of the Central Plains Urban Agglomeration (CPUA).

However, the price of rapid economic growth is environmental degradation and higher energy
consumption. As an important industrial base in the central regions, the CPUA’s secondary industry
accounts for over 50%, of which heavy industry is the main component. By the end of 2014, the “three
industrial wastes” (i.e., industrial wastewater, industrial sulfur dioxide (SO2 ), and industrial dust) in
the CPUA had reached 2019.28 million tons, including 2016.28 million tons of industrial wastewater,
1.6 million tons of industrial SO2 , and 1.4 million tons of industrial dust. The wastewater and industrial
SO2 are mainly emitted by the steel, coal, and manufacturing industries. The construction industry and
mining industry generate the vast majority of the industrial dust. Consequently, the environmental
problems in the CPUA are extremely serious [1]. As experience in the developed countries and regions
tells, economic growth and environmental pollution generally have an inverted U-shaped relationship,
which is also known as the environmental Kuznets curve (EKC) [2,3]. As economic growth rises,
the physical environment begins to deteriorate. However, after the economy reaches a certain level,
the pollution levels will gradually taper off or even decline, which is called “Pollution First, Treatment
Later” [4]. The authors wonder whether the CPUA shows similar features in its development process.
If so, it is important to recognize the patterns of industrialization and urbanization for developing
customized regional policies.
There have been plentiful studies about the CPUA’s sustainable development, because the region
plays a significant role in driving the economy of Central China as a whole. It determines whether the
strategy of rising Central China can progress significantly [5,6]. Qiu et al. (2014) measured the CPUA’s
level of development in terms of employment, industrial development, and land use. Their results
have shown that the rapid population growth and industrial development were mainly derived from
the secondary sector, while the tertiary industry remained relatively backward. Regarding its industrial
structure, Feng and Han [7] have found that the proportion of the CPUA’s secondary industry in the
total economy was higher than the national average (46.8%), and the proportion of its tertiary industry
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was far lower than the national average (43.1%). In sum, its industrial structure is open to being
optimized. The gap in development among various cities in the CPUA is large. Tong et al. [8] provided
evidence that due to urbanization and industrialization, biodiversity is under threat, and air and water
pollution have worsened. Furthermore, Miao et al. [9] have analyzed the emergence of the CPUA,
and discussed how the urban agglomeration and urban spatial network can be defined. They found
that the urban agglomeration was not only a complex urban area system with multiple cities as its core,
but also a high-density integrated network between towns. From the perspective of the coordinated
development, Cui and Wang et al. [10,11] found that urbanization and ecological deterioration were not
well coordinated across the CPUA region. In terms of the spatial linkages between cities in the CPUA,
based on microblogging data, Wang and Deng [3] found that these linkages had a circle-layer character
and a spatial imbalance. Three levels of spatial connection could be identified according to the size
and the distance of these cities. All of these studies have given rise to concerns regarding the CPUA’s
sustainable development, mainly due to its vital position in Central China’s economy and ecology.
However, most of the literature uses either an industrial economics or an urban planning perspective.
There has been little research on the spillover effects of pollution through spatial econometrics to
integrate environmental, economic, and urbanization insights.
The goal of this contribution is to detect the spillover effects of the CPUA’s coordinated
development in terms of economic growth and environmental deterioration. Besides, further analysis
is conducted to uncover whether the CPUA reveals a typical EKC pattern. Research findings
will shed light on synchronizing the development of the CPUA’s industrialization, urbanization,
and environmental protection. The outline of this article is as follows. Section 2 reviews EKC theory in
connection with regional development, and introduces the procedure that is used for collecting data
and selecting variables. The application of EKC theory in spatial econometric models is demonstrated
in Section 3. Section 4 presents the status quo of the CPUA’s environmental performance based on
spatial distribution. Subsequently, our empirical results are presented based on the EKC and spatial
autocorrelation (SAC) model. Section 5 discusses the obtained empirical results based on policy
analysis. Conclusions are drawn, and policy recommendations are provided in Section 6.
2. Research Methodology and Data Collection
2.1. Environmental Kuznets Curve with Spatial Econometrics
The environmental Kuznets curve (EKC) is a key theory in connecting the environment and the
economy. Its main point is that environmental quality will deteriorate in the early stages of economic
development, but when the economic development reaches a certain level, it will improve after a
while [4,12]. For example, some scholars use the EKC to study whether economic growth improves
environmental quality [13]. Apergis and Ozturk [14] have examined the relationship between CO2
emissions and economic development in 14 Asian countries. They concluded that there was an
inverted U-shaped relationship in line with the EKC theory. Regarding the applicability of the EKC to
China, a series of empirical tests is required to analyze whether China’s economy and environment are
consistent with the EKC hypothesis. This is due to the specific features of China’s economic models
and resource consumption structure. For example, Brajer et al. [15] used China’s urban panel data
to verify the relationship between economic growth and SO2 pollution. The results confirmed the
existence of the EKC hypothesis in China, and found that technological progress was an important
factor to mitigate environmental pollution. Yu-Ming et al. [16] used cross-sectional data of China’s
31 provinces to analyze the spatial correlation of provincial pollution through a spatial metrology
model. Their results showed that three spatial dependence and spatial spillover effects were obvious
in China’s provincial environmental pollution. Hao et al. [17] used provincial panel data and a
spatial econometric model to analyze the EKC in terms of China’s energy and electricity consumption
curve. They found that China’s energy and electricity consumption and per capita gross domestic
product (GDP) presented an inverted N-type EKC. Ertugrul et al. [18] studied the relationship between

Sustainability 2018, 10, 994

4 of 15

per capita income and energy consumption in the major developing countries. The results showed
that the EKC hypothesis applied best to the countries with fast economic growth, such as China.
Dong et al. [19] used the panel data of 30 provinces in China from 1995~2014 to study the validity of
the EKC hypothesis in CO2 emissions. The results showed that the EKC hypothesis can be verified in
China’s central and eastern regions. They concluded that CO2 emissions were not related to the level
of economic development, but were related to the regional energy consumption structure.
Moreover, many scholars have added a variety of control variables to empirical analyses of the
relationship between economic growth and environmental pollution, such as industrial structure,
foreign trade values, population size, energy consumption, research and development investments,
and urbanization rates. Empirical tests with diverse variables can accurately reflect how the major
factors influence environmental performance [14,20–26]. From the existing literature, one can learn
that the combination of spatial econometrics and the EKC theory is growing increasingly popular for
analyzing the dynamic relationship between the regional economy and environmental performance.
Moreover, the spatial relationship among the cities in one urban agglomeration deserves more attention.
Therefore, this paper will pair the EKC theory with spatial measurement methods to test the spatial
spillover effects of the CPUA’s environmental pollution.
2.2. Data Collection and Variable Description
The research data are the panel data of 29 prefecture-level cities in the CPUA from 2004 to 2014,
which were acquired from the China Urban Statistical Yearbook, China Environmental Statistical
Yearbook, Statistical Yearbook of Henan Province, Statistical Yearbook of Shanxi Province, Statistical
Yearbook of Hebei Province, Statistical Yearbook of Shandong Province, and Statistical Yearbook
of Anhui Province. The original CPUA includes 30 prefecture-level cities in accordance with the
document the Development Plan of the CPUA issued by the National Development and Reform
Commission. Due to the lack of relevant data of Jiyuan city, we select the other 29 prefecture-level
cities as sample areas.
Based on the literature and our previous work [25], we have selected per capita GDP as
the independent variable to reflect economic growth, and three dependent variables in terms of
environmental performance. Table 1 summarizes the descriptions of the variables. Environmental
pollution is mainly emitted through industrial activities [26,27]; the authors have therefore selected
the industrial wastewater discharge, industrial SO2 emission, and industrial dust emission levels of
29 prefecture-level cities in the CPUA. These pollution indices, especially the air pollution, are the
representative hazardous emissions in the CPUA region due to coal mining and steel production.
Currently, the CPUA is suffering from severe air pollution (PM 2.5), especially from SO2 and industrial
dust. Furthermore, in order to improve the rigor of this research, five control variables have been
selected, including: (1) the proportion of the secondary industry in GDP, (2) population size, (3) foreign
investment volume, (4) investment in science and technology, and (5) the number of industrial
enterprises with a designated size or above (according to the definition of the China National Bureau of
Statistics, the industrial enterprises with a designated size or above refers to the industrial enterprises
with an annual main business income of more than 20 million Yuan).
The proportion of the secondary industry in the GDP represents the scale and degree of industrial
development. If this proportion is higher, in theory, the emission levels of industrial pollution are
higher [22,28]. Moreover, the larger the population is, the greater the pressure on the physical
environment, which is harmful to the ecological balance [21,24]. A larger scale of foreign capital
investment in a region may indicate a higher level of openness in regions. Rapid industrial expansion
will generate a corresponding increase in energy consumption [14,29]. In fact, the energy consumption
in the CPUA region is mainly caused by coal burning, which generates high levels of industrial SO2
and dust. Technological investment represents the level of regional science and technology [15,18].
The higher the technological investment, the more effective the production mode. The number of
industrial enterprises with a designated size or above can influence energy consumption. If this number
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is larger, it implies that the energy consumption increases, which generates more pollution [30,31].
In addition, Table 1 also demonstrates the expected direction and impact of the independent variables
and control variables.
Table 1. Variables’ Descriptions. GDP: gross domestic product.
Variables Type

Abbreviation

Mean

Standard
Deviation

Water

7139.95

4475.26

Quantity of industrial SO2
discharge (ton)

SO2

70,455.22

54,423.15

Quantity of industrial dust
discharge (ton)

Dust

39,758.97

41,106.06

Per capita GDP (yuan)

Pgdp

20,969.47

12,293.20

+

Proportion of the
secondary industry in
GDP (%)

Sgdp

53.22

10.79

+

People

607.17

285.75

+

Foreign direct investment
(ten thousand dollars)

FDI

30,032.33

46,583.25

+

Technology investment
(ten thousand yuan)

Tech

16,727.57

21,768.38

-

Factory

881.55

562.58

+

Variable Full Name
Quantity of industrial
wastewater discharge
(ten thousand tons)

Dependent variables

Independent variables

Population
(ten thousands)
Control variables

Number of industrial
enterprises above a
designated size (number)

Expected Impact
Direction

3. Application of the EKC Theory with Spatial Econometric Models
3.1. EKC Model
The traditional EKC hypothesis refers to the existence of a quadratic curve between economic
growth and environmental pollution, and its benchmark model is:
Yit = α0 + β 1 Pgdpit + β 2 ( Pgdpit )2 + ε it

(1)

In Equation (1), α0 is the constant term; β is the parameter to be estimated; ε is the random
disturbance term; i is the city; and t is the year. Y is the environmental pollution index, including:
industrial wastewater discharge, industrial SO2 emissions, and industrial dust emissions. The higher
the Y value, the more serious the environmental pollution. As to the rigorous econometric model,
multiple terms of explanatory variables in the EKC model will lead to a higher probability of serious
multicollinearity in its variables, which is not conducive to the accuracy of the results [32]. Therefore,
this research follows the relatively mature approach [33–35], assuming that economic growth has a
quadratic relationship with environmental pollution in the CPUA, bringing the control variables into
the model as follows:
Yit = α0 + β 1 Pgdpit + β 2 ( Pgdpit )2 + η3 Cit + ε it
(2)
In Equation (2), C is the control variable; and η is the parameter to be estimated. Control variables
mainly include: industrial structure, population size, the scale of foreign direct investment, investment
in science and technology, and the number of industrial enterprises with a designated size or above.
Additionally, the logarithmic processing on both sides of the equation allows the avoidance of
serious fluctuations in the data without affecting their original features. It also eliminates possible
heteroscedasticity [36]. Therefore, the authors eventually use the following logarithmic EKC model:
ln Yit = α0 + β 1 (ln Pgdpit ) + β 2 (ln Pgdpit )2 + η3 ln Cit + ε it

(3)
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Table 2 lists the evaluation criteria for the quadratic curve (curve-shaped) relating economic
development with environmental pollution, which uses regression coefficient characteristics to
determine the relationship. The criteria are mainly based on the existing EKC literature.
Table 2. Criteria for Economic Development and Environmental Pollution Assessment.
Number
1
2
3
4
5

β1
β1
β1
β1
β1
β1

Shape

β2

=0
<0
>0
<0
>0

β2
β2
β2
β2
β2

=0
=0
=0
>0
<0

Horizontal line (unrelated relationship)
Monotone decreasing
Monotone increasing
“U” type
Inverted “U” type

3.2. Moran Index and Spatial Autocorrelation (SAC) Model
Most studies on economic growth and environmental pollution do not take into account the spatial
correlation with environmental pollution. However, if the spatial characteristics of environmental
pollution are neglected, regression results will be biased [37]. To this end, the Moran index is tested to
discover the spatial correlation between 29 cities in the CPUA [38,39]. The “global Moran index I” is
used to test the global spatial autocorrelation. The equation reads as follows:
I=

∑in=1 ∑nj=1 wij ( xi − x )( x j − x )
∑in=1 ( xi − x )

2

(4)

In Equation (4), wij is the (i, j) factor of the spatial weight matrix, which is used to measure the
distance between region i and region j. If region i and region j are adjacent, we set wij = 1, otherwise
wij = 0. ∑in=1 ∑nj=1 wij is the sum of all the spatial weights. The values of Moran’s I are generally
between −1 and 1. If the value is greater than 0 and close to 1, a positive correlation is observed.
In contrast, if the value is less than 0 and close to −1, we see a negative correlation. Based on the
theory of spatial econometrics developed by Lesage and Pace [40], we propose the following spatial
measurement model:
Yit = ρwi0 yt + βxiti + ui + ε it (i = 1, · · · , n; t = 1, · · · , T )

(5)

Equation (5) is the spatial econometric benchmark model of panel data. In this equation, wi0 is the
i row of the spatial weight of matrix W: wi0 yt = ∑nj=1 wij yit . ui means the individual effect of region i.
ρwi0 yt is a spatial lag term. The model will be a standard static panel model if ρwi0 yt is not considered.
ρ is the spatial autocorrelation coefficient of the explanatory variables, which reflects the degree of
influence of the residual term in adjacent regions on the residual term in this region. Next, the EKC
model and the spatial autocorrelation model are combined as Equations (6) and (7), in order to analyze
the pattern of the economic growth and environmental pollution in the CPUA:
ln Yit = τyi,t−1 + β 1 (ln Pgdpit ) + β 2 (ln Pgdpit )2 + η3 ln Cit
+di0 Xt δ + ui + γt + ε it

(6)

ε it = λmi0 ε t + vit

(7)

In Equation (6), di0 Xt δ is the spatial lag term of the explanatory variables; γt is the time effect;
λ is the spatial autocorrelation coefficient of the explanatory variables, which reflects the degree of
influence of the residual term of adjacent regions on the residual term of this region. If the panel data
constitutes a static panel, τ = 0. In Equation (7), mi0 is the i row of the spatial weight of the disturbance
term; and vit represents the perturbation term and error term that follows the normal distribution.
In general, the common spatial econometric model includes spatial lag model (SLM) and spatial error
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model (SEM). The main difference between these two models is the form of spatial autocorrelation
inserted into the equation [41]. In addition, there are the spatial Durbin model (SDM) and the spatial
autocorrelation model (SAC). Selecting which model depends on the following circumstances: (1) if
λ = 0, the model will be SDM; (2) if λ = 0 and δ = 0, the model will be SAR; (3) if τ = 0 and δ = 0,
the model will be SAC; (4) if τ = ρ = 0 and δ = 0, the model will be SEM.
4. Results
4.1. The Status Quo of the CPUA’s Environmental Performance Based on Spatial Distribution
Preliminary research into the status quo of the CPUA’s economic development and environmental
performance was conducted through spatial analysis using Acrmap Software 10.0. Figure 2 shows the
spatial distribution graphs based on the annual data from 2004 to 2014 regarding industrial wastewater
discharge, industrial SO2 emissions, industrial dust emissions, and per capita GDP. Five features can
be observed. (1) The distribution of three types of pollutants is concentrated in the CPUA’s northern
and central–western regions. The per capita GDP has a similar spatial distribution as the pollutants.
The northern and central–western regions have a relatively higher per capita GDP than the southeastern
region. Having similar patterns of pollution and per capita GDP implies a possible spatial link that
will be tested in the later analysis; (2) In terms of industrial wastewater, the large discharge areas are
mainly concentrated in the CPUA’s middle and the northern regions. Liaocheng City (in Shandong
Province), Jiaozuo City, Xinxiang City, and Zhengzhou City (all three in Henan Province) produce the
highest wastewater emissions, with average annual emission levels of over 90 million tons. The cities
with emissions less than 50 million tons are mainly concentrated in the CPUA’s southeastern and
western regions; (3) Regarding industrial SO2 emissions, Handan City in Hebei Province and Luoyang
City in Henan Province produce relatively high emission levels, with average annual emissions of
more than 133,000 tons. Notably, the central–western and northern regions have significantly higher
SO2 emissions than the eastern and southern regions; (4) The distribution of industrial dust shows
that the most polluting cities are Handan City and Changzhi City (in Shanxi Province), with average
annual emissions of more than 86,000 tons. The two cities are adjacent, possibly generating a certain
spatial effect on their dust pollution. The dust pollution in the eastern, central, and southern regions is
relatively limited; (5) As to the economic development, Zhengzhou City, Jiaozuo City, Luoyang City,
and Sanmenxia City (all three in Henan Province) have the highest level of economic development.
Their annual per capita GDP is over 29,000 Yuan. The per capita GDP of southeastern cities, on the
other hand, is relatively low. To summarize, we find that economic development and environmental
pollution in the CPUA may well be positively correlated. We will further verify this though the
econometric models in the following sections.
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Figure 2. The spatial distribution of industrial waste and per capita GDP in the Central Plains Urban
Agglomeration (CPUA) (2004~2014). (a–d) demonstrate the distribution of wastewater discharge,
industrial SO2 , industrial dust, and average per capita GDP.

4.2. Model Applicability Test
First, the variance inflation factor (VIF) is introduced to observe whether the explanatory variables
show serious multicollinearity. The results in Table 3 show that the maximum value of VIF does not
exceed 10, and the minimum is not below 0. It demonstrates that there is no serious multicollinearity
problem in the explanatory variables.
Table 3. Results of the Variance Inflation Factor (VIF) Test.
Variable

VIF

1/VIF

Pgdp
Sgdp
People
FDI
Tech
Factory
Mean

9.140
2.920
5.040
4.250
3.590
3.110
4.680

0.109
0.342
0.198
0.235
0.279
0.322
/
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Second, Global Moran’s I is calculated to test whether any spatial autocorrelation exists in the
CPUA. The results in Table 4 show that except for a few parts of the year or the index, the Moran’s
I value of three types of environmental pollutants all strongly reject the original hypothesis of “no
spatial autocorrelation”. This indicates that the spatial autocorrelation does exist. Therefore, we use
the spatial econometric model to further analyze how the correlation behaves in the CPUA’s economic
and environmental developments.
Table 4. Results of Global Moran’s I.
Water

Year

SO2

Dust

Moran’s I

p-Value

Moran’s I

p-Value

Moran’s I

p-Value

0.252
0.216
0.248
0.262
0.272
0.253
0.218
0.285
0.257
0.238
0.261

0.009
0.025
0.011
0.007
0.005
0.008
0.021
0.004
0.009
0.014
0.007

0.455
0.426
0.418
0.436
0.466
0.449
0.459
0.400
0.433
0.440
0.406

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.322
0.348
0.240
0.417
0.444
0.394
0.348
0.381
0.370
0.368
0.345

0.001
0.000
0.013
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

In addition, we assume that the model adapts to any of the four spatial models of SDM, SAR,
SAC, and SEM, and then take the model’s suitability test. We use the Wald test and likelihood ratio
(Lratio) to test the spatial autocorrelation coefficient of the explained variables (ρ) and the spatial
autocorrelation coefficient of the explanatory variables (λ) (Federico et al., 2016). The results are
summarized in Table 5. The Wald test (p = 0.0025 < 0.05) and the Lratio test (p = 0.0002 < 0.05) reject
the original hypothesis of ρ = 0 and λ = 0 respectively, which excludes the SDM, SAR, and SEM
models. Plus, this model is a static panel model, and τ = 0. Consequently, the SAC model is selected
to conduct the regression analysis.
Finally, to determine whether using a fixed effect or a random effect, the Hausman test is used
for the panel data. The test results show that the p value is lower than the original hypothesis of the
default value of 0.05 in STATA 13.0 software (Table 5). Thus, the original hypothesis that uses random
effects can be rejected, and the fixed effect for regression estimation should be chosen.
It is important to note that until this step, the model cannot identify the developmental pattern of
the economy and the environment like a regular EKC model. The reason is that the current regression
equation is an EKC model to which spatial econometric analysis has been added. The explanatory
variable coefficients in the equation do not directly reflect marginal changes in relation to the explained
variables. In this case, the direct, indirect, and total effects estimated by the SAC model should be
used to reflect the relationship between the explanatory variables and the explained variables. In other
words, we need the coefficients of the total effect of the key explanatory variables to determine the
shape of the curves and calculate the EKC inflection points [42].
4.3. Empirical Results
Table 5 shows the regression results of the SAC model. The table leads us to conclude the
following:
(1)

The spatial autoregressive coefficient (rho), which is used to measure the spatial spillover effect,
is obviously significant in the model of industrial dust production (p < 0.01). It indicates that
there is a strong spatial spillover effect for industrial dust pollution in the CPUA. This result
confirms that industrial dust is a form of regional pollution in the CPUA. By contrast, the spatial
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autoregressive coefficients of industrial wastewater and industrial SO2 are not significant, which
indicates that the spatial spillover effects on wastewater and SO2 are not obvious.
The coefficient estimates of per capita GDP in the total effects reveal that the current economic
growth and environmental pollution have an inverted “U” type relationship in the CPUA. This is
in line with the classic EKC hypothesis. To be more specific, the emission of industrial wastewater
has continued to increase along with the growth of per capita GDP. The results in Table 5 show
that when the per capita GDP reaches 59,874 Yuan, its emissions begin to decline. Regarding
industrial SO2 , the emissions continue to increase with economic growth. When the per capita
GDP grows to 22,026 Yuan, SO2 start to decline. The trend of industrial dust is similar to that of
SO2 , but its inflection point appears earlier. That is, when the per capita GDP reaches 15,994 Yuan,
the amount of industrial dust begins to decline gradually.
Regarding the analysis of the control variables, the proportion of the secondary industry in
the GDP has a great impact on industrial wastewater and industrial SO2 emissions (p < 0.05).
The population size has a significant effect on industrial SO2 emissions (p < 0.01). Investment
in science and technology has a certain negative effect on SO2 (P < 0.1), implying that the input
of technology may reduce overall SO2 emissions. The increase in the number of industrial
enterprises with a designated size or above has a strong negative effect on industrial wastewater
discharge, contrary to what one would expect.
Table 5 also shows the turning point of the EKC. It can be found that in the discharge of industrial
wastewater, the per capita GDP of its turning point is 59,874 yuan. Thereafter, the discharge of
industrial wastewater began to decline, and the 95% confidence interval of the turning point
was 58,519 yuan to 61,228 yuan. Combined with the mean value of the CPUA’s per capita GDP
(20,969.47) in Table 1, the CPUA is still in the growth stage of industrial wastewater discharge.
Its EKC curve is at the left end of the turning point. In terms of industrial SO2 , the per capita
GDP of the turning point is 22,026 yuan, and the confidence interval of the turning point is 20,671
yuan to 23,380 yuan, which indicates that the CPUA is close to the decline period of industrial
SO2 emissions. Regarding the industrial dust, the per capita GDP of the turning point is 15,994
yuan, and the confidence interval of the corresponding turning point is 14,639 yuan to 17,348
yuan. It shows that the curve locates at the right end of the turning point, indicating that the
CPUA is in the decline period of industrial dust emissions.
Table 5. Regression Results of the Spatial Autoregressive Coefficient (SAC) Model.
Variable
(lnPgdp)
Explanatory variable

(lnPgdp)2
Ln(Sgdp)
Ln(People)

Control variable

Ln(FDI)
Ln(Tech)
Ln(Factory)
P(rho)

Spatial autoregressive
coefficient

Variance

Λ(lambda)
sigma2_e

ln(Water)

ln(SO2 )

ln(Dust)

4.057 *
(1.93)
−0.177 *
(−1.65)

5.625 ***
(4.37)
−0.275 ***
(−4.22)

6.670 ***
(3.27)
−0.346 ***
(−3.15)

1.410 **
(2.41)
0.230
(0.34)
0.0338
(0.77)
−0.105
(−1.46)
−0.322 **
(−2.29)

0.949 **
(2.10)
0.861 ***
(2.95)
0.0143
(0.51)
−0.100 *
(−1.89)
−0.0215
(−0.16)

0.954
(1.27)
0.455
(0.54)
0.00237
(0.04)
−0.00670
(−0.05)
0.0420
(0.17)

−0.371
(−1.32)
0.337
(1.34)

−0.435
(−1.19)
0.431
(1.55)

−0.591 ***
(−3.68)
0.742 ***
(7.28)

0.0848 ***
(6.89)

0.0459 ***
(4.75)

0.127 ***
(6.00)
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Table 5. Cont.
Variable

ln(Water)

ln(SO2 )

ln(Dust)

4.206*
(1.90)
−0.182
(−1.63)

6.108 ***
(3.64)
−0.299 ***
(−3.46)

7.202 ***
(3.18)
−0.374 ***
(−2.99)

−1.225
(−1.04)
0.0518
(0.96)

−1.933
(−0.94)
0.0958
(0.94)

−3.038 **
(−2.31)
0.159 **
(2.16)

2.981 *
(1.86)
−0.131
(−1.56)

4.174 **
(2.38)
−0.204 **
(−2.40)

4.164 ***
(3.21)
−0.215 ***
(−3.18)

Curve shape

Inverted “U” type

Inverted “U” type

Inverted “U” type

Turning point
[95% confidence interval]

59,874 yuan
[58,519,61,228]

22,026 yuan
[20,671,23,380]

15,994 yuan
[14,639,17,348]

lnPgdp
Direct effect

(lnPgdp)2
lnPgdp

Indirect effects

(lnPgdp)2
lnPgdp

Total effects

(lnPgdp)2

Wald test
Lratio test
Hausman test

chi2(7) = 34.32, Prob > chi2 = 0.0000
chi2(7) = 34.25, Prob > chi2 = 0.0000
chi2(6) = 17.30, p = 0.0271

Number of cities

29

29

29

Time

2004~2014

2004~2014

2004~2014

Sample size

319

319

319

Note: t statistics in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01; [95% confidence interval] is the turning point with
95% confidence interval. Lratio: likelihood ratio.

In order to intuitively reflect the relationship between industrial pollution and economic growth,
we utilize quadratic fitting curves between the three types of pollutants (wastewater, SO2 , and dust)
and per capita GDP, and draw a 95% confidence interval. As Figure 3 demonstrates, the three curves
roughly reveal an inverted “U” shape. This implies that the environment in the CPUA gradually
deteriorates with economic growth, but after economic development has reached a certain level,
environmental pollution would decrease. At the overall level of the CPUA, the industrial wastewater
and SO2 are on the left of the turning point, meaning that these two pollutants are still going to increase
for a while.

Figure 3. The relationship between industrial pollutant discharge and the economic growth of the
CPUA (a–c). Note: the horizontal and vertical coordinates are the logarithmic values of the variables.

5. Discussion
Based on the preliminary analysis of the CPUA’s current environmental and economic
performance, the authors found that the CPUA’s central–western areas have relatively higher pollution
levels than the eastern and southern regions. This pattern matches the development of the regional per
capita GDP, which indicates that there is a certain spatial relationship between the pollutant emissions
and per capita GDP growth. Another preliminary finding is that the quadratic fitting curve between
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per capita GDP and industrial pollutants shows an inverted “U” shape. To further validate the two
preliminary research findings, the SAC and EKC models have been employed to conduct empirical
tests. The results of the empirical analysis confirmed that the pollution issues in the CPUA indeed
have spatial spillover effects. Moreover, the CPUA’s economy and environment have revealed an
inverted “U” shape curve, which is in line with the classic EKC hypothesis. Besides, the turning point
of the EKC and the related 95% confidence interval indicate that the CPUA’s industrial wastewater
and SO2 will increase to a certain extent. The emissions of industrial dust will decrease. In the future,
the local government should strengthen the supervision of industrial wastewater and SO2 emissions.
An important finding is the spillover effects of industrial dust in the CPUA. Although the CPUA’s
industrial dust emissions have surpassed the EKC inflection point along with the increase in per capita
GDP, the spatial spillover effect of industrial dust pollution is still strong. In other words, industrial
dust not only deteriorates the air quality in the cities where the dust originates, it also influences
other areas, thus generating linkage effects for regional pollution. This phenomenon is consistent
with the status quo of the air quality in the CPUA. According to the air quality monitoring data of
China’s Ministry of Environmental Protection, the concentration of PM2.5 exceeded the standard
(35 micrograms/cubic meter) in most areas in the CPUA in 2013. The PM2.5 of nearly two-thirds
of the CPUA’s cities was higher than 70 micrograms/cubic meter (more than double the standard).
Air pollution in Kaifeng and Zhengzhou was the worst. The number of the days below acceptable air
quality standards accounted for 55% in 2013. Over half of the year was suffering from air pollution.
However, this does not conform to the general ideas of the EKC theory. According to the EKC theory,
if the CPUA’s economic development and industrial dust pollution are of an inverted “U” type and
the inflection point is reached, industrial dust pollution should decrease. However, the opposite has
happened. This may be related to geographic factors and atmospheric circulation speed. The CPUA’s
industrial waste emissions are mainly concentrated in the western region (see Figure 2). The CPUA is
located in the plains, and the west is at a higher altitude than the east. Without mountains as a shelter,
air circulation rapidly spreads the dust from the west to the east, which causes the spatial spillover
effect for industrial dust.
The other explanation could be the accumulation effect and lag effect of environmental pollution.
The environmental pollutants are not only harmful directly after the discharge, they also continue
to jeopardize the entire regional environment, even when the pollution sources are controlled.
The purification capacity of the natural environment requires a certain period to clean up the pollution.
The industrial dust in the CPUA has accumulated for quite a long time. Due to the limited purification
capacity, the original dust pollution has not been processed, even though the total amount of dust
emissions has decreased. Besides, the lack of appropriate technology also restricts the environment
treatment. Thus, the accumulation effect and lag effect of dust pollution still stand out.
In terms of the control variables, the proportion of the secondary industry as a percentage of
the GDP has a strong positive correlation with industrial wastewater and SO2 emissions. This is
consistent with the conclusions of other scholars [22,43]. The increase of industrial wastewater and SO2
emissions will do more harm to the natural environment compared with the adverse effects of CO2
emissions on air temperature rise [44]. According to the China City Statistical Yearbook (2004–2014),
the manufacturing industry is a major component of the CPUA’s industrial structure, mainly including
iron and steel, metallurgy, machinery, energy, chemical, and building materials. These industries
occupy over 70% of the output value of the secondary sector, and are the major sources of industrial
wastes. In the past, industrial waste was not effectively controlled due to insufficient government
supervision. The limited financial resources and the absence of cleaner production technologies
also constrained pollution treatment. Moreover, the CPUA’s population had reached 158 million,
accounting for over 10% of China’s total population. The number of the workers in the second industry
had reached about 26 million in 2015, which is far higher than other regions. However, the output
value of the secondary industry was lower than those in Beijing–Tianjin–Hebei region, Yangtze River
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Delta, and Pearl River Delta (Central Plains Urban Agglomeration Plan, 2016). This implies that the
CPUA’s secondary industry was still labor-intensive, with low added value.
Furthermore, the input of science and technology has a certain negative effect on the emission
of industrial SO2 , indicating that technological progress may promote cleaner production among
companies. For instance, in 2016, Henan province invested nearly two billion in conducting mandatory
cleaner production in 81 companies in metal mining and smelting, chemistry, leather, thermal power,
iron, cement, and pharmacy. The Henan provincial government has also implemented the technological
transformation of coal-fired boilers and power plants to reduce SO2 emissions.
Moreover, the increase in the number of industrial enterprises with a designated scale or above
has a strong negative effect on the level of industrial wastewater emission, which goes against our
expectations. It can be explained by the relatively high output value of the large-scale industrial
enterprises, and the advanced level of technology, which may result in high production efficiency.
Therefore, with the increase in industrial enterprises beyond a certain scale, the backward production
capacity and extensive industrial enterprises will be eliminated or merged. This may improve the
holistic wastewater treatment capacity among industrial enterprises and reduce industrial wastewater
emission levels.
6. Conclusions
In this contribution, the authors analyzed the spatial spillover effects of environmental pollution
in China’s Central Plains Urban Agglomeration (CPUA). The SAC model and EKC theory were used
to map the relationship between economic growth and environmental pollution in accordance with
the global spatial correlation test. The research findings show that the CPUA’s economic growth and
environmental pollution do have a spatial correlation; it is an inverted “U” curve, conforming to EKC’s
classic hypothesis. Furthermore, we found that industrial dust has a strong spatial spillover effect.
Currently, the relationship between economic growth and industrial wastewater and SO2 is at the left
of the EKC turning point, indicating that the emissions are still going to increase.
Based on the above, the following suggestions can be made. First, due to the spatial spillover
effect of environmental pollution, the creed “polluters should treat pollution” will not solve the main
regional environmental problems. The key is to establish a joint supervisory department to realize
systematic treatment in this region, rather than “separated fights” in individual prefecture-level cities.
In 2016, the National Development and Reform Commission formulated the Planning for Central
Plains Urban Agglomeration, which clearly prioritized environmental protection. According to this
planning, the CPUA should implement strict regulations based on the ecological red-line and unified
environmental standards. The cross-regional coordination mechanisms should be built up, such as
regional forecasting and emergency response systems for air and water pollution. The cities in the
CPUA should share environment-monitoring data and jointly compile the roadmap and timetable
about how and when to reach the required standards for air and water quality.
Second, although the CPUA’s economic growth and environmental pollution have revealed an
inverted “U” type relationship, it cannot be easily asserted that its environmental problems will be
alleviated as economic development proceeds. The accumulation effect and lag effect appear to matter,
and should be taken into consideration. As the investment in science and technology has a certain
inhibitory effect on pollution, the government may promote environmental technology to improve
pollution prevention and treatment.
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