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Abstract

The rapid economic growth in China has greatly impacted its environment and

people’s quality of life across China in the past four decades. In this report, using a

panel data set of 31 Chinese provinces from 2004 to 2017 and both panel econometric

models and special econometric regressions, I estimate the relationship between

environmental pollution (as measured by industrial sulfur dioxide emissions) and

economic growth while controlling for four other variables, and find that (i) China’s

economic growth impacts its environmental pollution through a decreasing, rather

than the more commonly known inverted U-shaped relationship; and (ii)

environmental pollution in one province is directly associated with the environmental

pollution in its neighboring provinces. Based on the regression results, I recommend

that government increase investments in high value-added, renewable, and

low-carbon industries and encourage cooperation between neighboring provincial

governments to ensure stable and sustainable economic growth while protecting the

environment.
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1. Introduction

Since the economic reform in China beginning in 1978, the country’s economy

has undergone a period of rapid growth. At the beginning of the reform, growth relied

heavily on a resource-based economy, which inevitably required vast quantities of

fossil fuels. At the same time, economic growth in China showed great regional

differences along with geographical disparities in the level of environmental pollution.

The regional disparity presents a major challenge to the overall management of

environmental pollution. In recent years, economic growth in China has slowed down.

The relationship between the various indices of environmental degradation and

per capita income have been examined extensively in the literature since Grossman &

Krueger (1991) found an inverted U-shaped relationship between different pollutants

and per capita income, which is known as the Environmental Kuznets Curve (EKC)

hypothesis1. At the early stages of economic growth, environmental degradation

increases. However, after per capita income reaches a certain level, economic growth

could improve the environment and reduce pollution due to higher demand for quality

of life – i.e., the environment could be considered a normal good. This means that the

environmental impact indicator is the inverted U-shaped function of per capita

income.

Most of the studies employ time series and panel data regressions, but the

1 This is an extension of Simon Kuznet’s work which originally examined the relationship between economic
inequality and growth.
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findings are inconsistent due to different methods and different data used from

different countries in different time periods. While the results are inconclusive, the

EKC hypothesis is generally supported by using data for developed countries1. The

non-linear relationships between economic growth and environmental pollution, like

the inverted U-shaped (e.g., Grossman & Krueger, 1991), inverted N-shaped (e.g.

Abdallah et al., 2013), monotonically increasing (e.g. Friedl & Getzner, 2003), and

monotonically decreasing (e.g. Shahbaz et al., 2016), were all found in the literature.

In this report, using a panel data set of 31 Chinese provinces from 2004 to 2017

and more recent techniques such as panel econometric models, panel cointegration

tests, and special econometric regressions, I estimate the relationship between

environmental pollution (as measured by industrial sulfur dioxide emissions) and

economic growth while controlling for four other variables, and find that (i) China’s

economic growth impacts its environmental pollution through a decreasing, rather

than the more commonly known inverted U-shaped relationship; and (ii)

environmental pollution in one province is directly associated with the environmental

pollution in its neighboring provinces. Based on the regression results, I recommend

that government increase investments in high value-added, renewable, and

low-carbon industries and encourage cooperation between neighboring provincial

governments to ensure stable and sustainable economic growth while protecting the

1 See for example Lindmark (2002), Day, & Grafton (2003), and Ang (2007).
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environment.

The rest of this report is organized as follows: Section 2 provides the literature

review; Section 3 introduces the methodology; Section 4 contains my model

specification and panel data regressions; Section 5 presents spatial econometric

regressions and results; and Section 6 concludes with a summary of my findings and

policy recommendations.

2. Literature Review

2.1 Theoretical Part

According to Grossman & Krueger (1995), the EKC has three distinct phases.

Economic development, in the first step, has a scale effect on the climate, meaning

that a larger number of economic and industrial activities leads to more emissions and

environmental degradation. Thus, industrial structure, especially the proportion of

secondary industry among total industry plays a significant role in scale effect. With

stable economic development, the second phase involves the composition effect, in

which economic activities become cleaner and the environmentally sustainable

activities increase their share of total activities. During this phase, the secondary

sector starts maturing and industries shift towards cleaner technologies. This

industrial transformation is reflected in the urbanization pattern, and the demand for a

cleaner environment starts increasing. Thus, population density also affects this phase.

During the third phase, a prosperous economy begins to invest in research and

development, and a structural shift from energy-intensive to technology-intensive
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industries may occur. During this time, technology-intensive industries also attract

foreign investment and stimulate foreign trade. Therefore, the level of technology,

which can be represented by the number of patents, and the freedom of foreign trade

plays an important role in this phase. The technique effect refers to the transformation

of environmentally dirty industries into clean ones because of these creative efforts

and systemic changes. Also, much of this is demand driven. As noted by Moomaw &

Unruh (1997, p. 452),

“Kuznets behavior is an income effect and results because the environment is a
luxury good. Early in the economic development process individuals are unwilling to
trade consumption for investment in environmental protection; as a result environmental
quality declines. Once individuals reach a given level of consumption, known in the EKC
literature as the ‘income turning point’, they begin to demand increasing investments in
an improved environment. Thus after the turning point, environmental quality indicators
begin to demonstrate decreases in pollution and environmental degradation.”

That is, households are willing to spend more on goods which are

“environmentally friendly”. Without such preferences, the EKC curvature would not

be present.

In this report, I follow past empirical studies on EKC for China1 by using the

three distinct phases of EKC described above as the conceptual framework for

selecting my independent variables.

2.2 Empirical Part

There have been many empirical studies in the literature, estimating the EKC,

1 Fan et al.(2009) and An, et al.(2014).
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using data for many different countries over different time periods. Among these,

differences in data and empirical methods have led to different EKC shapes. Figure 1

shows the various forms of EKC of which Panel: (a) shows an N-shaped, (b) an

inverted N-shaped, (c) a U-shaped, (d) an inverted U-shaped, (e) an increasing, (f) a

decreasing, and (g), a constant EKC.

Fig.1. Various forms of EKC

Source: Vinayagamoorthi et al. (2015)

Of the various forms of EKC, an inverted U-shaped represents the original EKC

hypothesis. Grossman & Krueger (1991) was the first study finding an inverted

U-shaped relationship between economic growth and environmental degradation

using the emission of SO2 for 42 countries, the emission of suspended particulate

matter for 29 countries and the emission of dark matter for 19 countries as dependent

variables over the period 1977-1984. The inverted U-shaped EKC was also found in

Bandyopadhyay & Shafik (1992), using the per capita carbon emissions for149

countries over the period 1960-1990 as the dependent variable; in Panayotou (1993),
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using the emission of SO2 per capita as the dependent variable for 55 countries (both

developed and developing) in the 1980s; and in the following three studies,

Holtz-Eakin, Thomas & Selden (1995) used CO2 emissions as the dependent variable:

for 130 countries over the period of 1951-1986, Cole et al. (1997) for 7 regions over

the period of 1960-1991, and Richmond & Kaufmann (2006) for 20 developed and 16

developing countries over the period of 1973-1997.

Regarding the N-shaped EKC, Moomaw & Unruh (1997) were the first to

consider this result by adding a cubic income term. This study was conducted for a

panel of 16 countries over the period of 1950-1992. Using regression analysis, they

found the EKC to be N-shaped. Friedl & Getzner (2003), using Austrian time series

data over the period of 1960-1999 and cointegration techniques, found a N-shaped

EKC. Martinez-Zarzoso & Bengochea-Morancho (2004), using a data set on 22

Organization for Economic Cooperation and Development (OECD) countries over the

period of 1975-1998, also found the EKC to be N-shaped.

Based on a panel data set of 165 countries over the period 1980-2003, Han & Lu

(2007) used pooled OLS regression and found that EKC results differed significantly

among countries, displaying an inverted U-shaped EKC in highly industrial level and

high-income countries, a relatively flat inverted U-shaped EKC in low industrial level

and low-income countries, monotonically increasing EKC in highly industrial level

and low-income countries, and N-shaped EKC in low industrial level and
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high-income countries.

Among the empirical studies for China, Ma & Li (2006), using a time series

data for China for the period 1986-2003 and cointegration techniques, found

N-shaped EKCs between three dependent variables: industrial wastewater, industrial

waste gas and industrial waste and the independent variables, income per capita. Lin

& Jiang (2009) compared and predicted the Kuznets curve of CO2 in China over the

period 1960-2007 using two methods: a conventional environmental Kuznets model

simulation and prediction based on CO2 emission prediction and found that the results

were substantially different from the two models. Zhao & Li (2012) using the

emission of CO2 per capita and income per capita in China over the period

1953-2010, also found an N-shaped EKC.

More recently, Spatial Econometric models have been applied to the EKC

framework to find whether the environmental pollution in one area can be affected by

the environmental pollution in its neighboring areas. Using a cross-sectional data set

of 31 Chinese provinces in 2006, Fan et al. (2009) studied the total emission of SO2,

the emission of industrial SO2, the emission of industrial solid waste, the emission of

smoke and the emission of industrial dust as the respective dependent variables and

found that there was a strongly correlated spatial relationship among China’s

South-East coastal areas, in where the economy was more developed and

environmental pollution was worse than in other areas.
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Guo, Xiang & Guo (2009), using OLS and spatial regression regarding data for

21 neighboring countries over the period 1993-2003 to estimate the EKCs of CO2

emissions, found a significant spatial correlation between the neighboring countries.

Finally, using spatial econometric regressions and data for 31 provinces in China over

the period 2000-2012, An, Wang & Wu (2014) estimated two spatial econometric

models with four measures of environmental pollution: the emission of SO2, the

emission of smoke, the generation of solid waste, and the discharge of wastewater as

dependent variables and found the EKC to be an inverted N-shape for all four

dependent variables.

In summary, there have been many studies examining the EKC hypothesis, using

different dependent variables and controls, different data for different countries over

different time periods, and more importantly, different econometric methods. Some

found an inverted U-shaped EKC; others found N-shaped and inverted N-shaped

EKCs. Most of the studies employed time series and panel data regressions. More

recently, spatial econometric models have used in EKC studies to explore correlations

between neighboring regions, expanding the scope of EKC relationships.

In this report, I expand the literature by estimating the relationship between

environmental pollution and China’s economic growth using recent panel data

consisting of 31 provinces in China from 2004 to 2017, and advanced econometric

techniques including panel data regressions and spatial econometric models.
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3. Methodology

A panel data set of 31 provinces1 in China for the period 2004 to 2017 is used

for my empirical analysis. The data are collected from the official website of the

National Bureau of Statistics (http://www.stats.gov.cn/).

Following Wang, Guan & Zhang (2009), Fan et al. (2009), and An, Wang & Wu

(2014), I use emission of sulfur dioxide (SO2), in thousands of tons as the dependent

variable and nominal gross domestic product (GDP) per capita (pgdp), in thousands

of Chinese Yuan (CNY) as my independent variable of interest for the empirical

analysis.

Based on the theoretical part of literature review described above and past

empirical studies, I selected four additional control variables: Industrial Structure

(indus), Population Density (density), Technology (patent), and Freedom of Foreign

Trade (trade). Industrial Structure (indus) is measured as the proportion of secondary

industrial nominal GDP relative to total nominal GDP. This control variable reflects

the scale effect as explained in the theoretical part of literature review. Population

Density (density) is measured by the number of permanent population (in

100-thousands) over the local area (in 10 thousand square kilometers). This control

variable reflects the composition effect in the theoretical part of literature review.

Technology (patent) is measured by the number of patents granted (in units). Freedom

of Foreign Trade (trade) is measured by the total value of imports and exports relative

1 These 31 provinces are Anhui, Beijing, Chongqing, Fujian, Gansu, Guangxi, Guangdong, Guizhou, Hainan,
Heibei, Heilongjiang, Henan, Hubei, Hunan, Inner Mongolia, Jiangsu, Jiangxi, Jilin, Liaoning, Ningxia, Qinghai,
Shaanxi, Shandong, Shanghai, Shanxi, Sichuan, Tianjin, Tibet, Xinjiang, Yunnan and Zhejiang.
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to total nominal GDP. These two control variables reflect the technique effect in the

theoretical part of literature review. The variables are described in Table 3.1.

The influence of industrial structure on the amount of pollution is mainly

reflected in the pollution of soil and water by fertilizers required in the primary

industry, and the environmental impact of emissions such as wastewater and exhaust

gas produced by the secondary industry. It is generally believed that the higher the

share of the secondary industry in the three major industries, the higher the emissions

of air pollutants and water pollutants. The environmental impact of freedom of foreign

trade is reflected in the transfer of pollution from high-income countries to

low-income countries through international trade and international direct investment.

Intuitively, for the low-income countries, the higher the degree of foreign trade

freedom, the higher the amount of pollution. For the high-income countries, the higher

the degree of foreign trade freedom, the lower the amount of pollution. The increase

in the level of technological progress tends to increase the efficiency of filtration of

wastewater and exhaust gas, therefore reducing the level of pollution. When it comes

to the impact of population density on pollution, I expect a positive relationship: the

higher the population density of the region, the higher the amount of pollution.

Table 3.1: Variable Descriptions

Variable name Description
code Code of province
name Name of province

year Year



11

SO2 Emission of sulfur dioxide (in one thousand tons)
pgdp Nominal gross domestic product per capita (in thousand CNY)

indus Proportion of the secondary industrial nominal GDP in the total
nominal GDP, measuring the industrial structure.

patent Number of patents granted (in units), measuring level of technical
progress.

trade Total value of imports and exports over the total nominal GDP,
measuring the freedom of foreign trade.

density Population in 10 people per square kilometers, measuring the density
of population.

4. Model Estimation

4.1 Model Specification

As summarized in the literature review, both quadratic polynomial and cubic

polynomial specifications have been used in previous literature. While the quadratic

polynomial form implies that the EKC could be monotonically increasing,

monotonically decreasing, inverted U-shaped or U-shaped, the cubic polynomial form

is more flexible, and its results allow for monotonically increasing, monotonically

decreasing, inverted U-shaped, U-shaped, N-shaped and inverted N-shaped (Zhao &

Li, 2012) EKC. Consequently, this study chooses the cubic polynomial form with an

econometric model as follows. The dependent variable and main independent variable

are in logarithmic forms since the original data on these variables are not stationary

even after their first differencing (Kuranga, 2020). The descriptive statistics of all data

used for estimating Equation (1) are shown in Appendix A (Table A1)
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where i denotes region and t denotes year; itpgdp denotes nominal GDP per

capita of province i in year t ; itso2 denotes sulfur dioxide emissions of

province i in year t ; itindus denotes industrial structure of province i in

year t ; itpatent denotes the level of technological progress of province i in

year t ; ittrade denotes freedom of foreign trade of province i in year t ;

itdensity denotes population density of province i in year t ; 0 denotes

constant term; it denotes the random error term; i denotes the unobserved

individual factors; 1 , 2 , 3 , 1 , 2 , 3 and 4 are the estimated

coefficients of the variables. The signs of 1 , 2 and 3 determine the shape

of the EKC, while the signs and magnitudes of 1 , 2 , 3 and 4 have the

impacts on the values of the turning points.

4.2 Unit-Root Tests

Before running panel data regressions, it is necessary to conduct the unit-root test

of all variables to test if they are stationary in order to avoid spurious regressions.

Since my sample is a short panel (T<N), I chose the IPS unit-root test

(Im-Pesaran-Shin, 2003) because it allows for different autoregression coefficients

and for an unbalanced panel, which are not allowed in other panel unit-root tests such
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as the LLC unit-root test (Levin, Lin & Chu, 2002) and the HT unit-root test (Harris

& Tzavalis, 1999). Results are reported in Table 4.1.

Table 4.1: Results of the IPS Unit-Root Tests: Ho: I(1)

Level First-difference

Variable Test Statistic Test Statistic

lnSO2 -1.986 -3.129***

lnpgdp -1.933 -3.051***

lnpdp2 -1.883 -2.652***

lnpdp3 -1.602 -2.437**

density 0.383 -3.836***

indus -1.558 -3.244***

trade -1.969 -3.296***

patent -1.478 -3.037 ***

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

Table 4.1 shows that the null hypothesis of unit root cannot be rejected for all the

variables in levels while it is rejected in their first-order differences. Accordingly, I

conclude that they are all I(1) series and thus proceed with a cointegration test to

determine if there is a long-run relationship between the dependent variable and the

independent variables.

4.3 Cointegration Test

For robustness, three cointegration tests for panel data are used in this study: the

Kao test (Kao, 1999), the Pedroni test (Pedroni, 1999), and the Westerlund test

(Westerlund, 2005). Using extended Dicky-Fuller and Augmented Dicky-Fuller tests,

Kao put forward a test for panel cointegration and used the residuals of the static

panel regression to construct the statistics. The Kao test requires that the cointegrated
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vectors of all panel units are equal and residual autoregressive coefficients of different

units are also equal. The Pedroni test is more flexible. It allows for different panel

units to have different cointegration vectors and different residual autoregressive

coefficients, and it allows for a time trend. The Westerlund test for cointegration

allows for partial cointegration (i.e., the dependent variable and some independent

variables move together in the long run). It also allows for different panel units to

have different cointegration vectors and different residual autoregressive coefficients.

The null hypothesis for all three tests is that there is no cointegration relationship

between the variables.

Rejecting the null hypothesis means that there is a stable equilibrium relationship

between the variables in the long run. All three tests showed that there was a

cointegration relationship between the dependent and independent variables. The

detailed testing results are found in the Appendix B (Tables B1, B2, and B3).

4.4 Panel Data Regressions

For long-run estimation, I first ran panel regressions of the econometric model in

Equation (1). I then performed a cross-sectional correlation test, a groupwise

heteroskedasticity test, and a serial autocorrelation test. The cross-sectional

correlation tests by Pesaran (2004) are performed on both fixed-effects (FE) model

and random-effects (RE) model. Results are presented in Table 4.2.
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Table 4.2: Results of Diagnostic Tests and Hausman Test

Test Null Hypothesis Test Statistic Results
FE RE

Cross-sectional correlation

test (Pesaran’s test)

cross-sectional

independence

between groups

F(30, 396) 37.053*** 37.308***

Groupwise

heteroskedasticity test

(Modified Wald test)

sigma(i)^2 = sigma^2

for all i
chi2 (31) 205.190***

Serial autocorrelation test

(Wooldridge

autocorrelation test)

No first-order

autocorrelation

F(1,30) for FE;

chi2(1) for RE
160.378*** 22.260***

Hausman test

difference in

coefficients not

systematic

chi2(7)=

(b-B)'[(V_b-V_B)^(-1)]

(b-B)

0.059*

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

Table 4.2 shows that the null hypothesis that there was cross-sectional

independence between groups among the variables was rejected at the 1%

significance level for both fixed and random effect regressions. The groupwise

heteroskedasticity test can only be performed on the fixed effects regression model.

The null hypothesis that there was no groupwise heteroskedasticity among variables

was rejected at the 1% level of significance for the fixed effect model. For the serial

autocorrelation test, I used the Wooldridge (2002) autocorrelation test for panel data

and found that the null hypothesis that there was no autocorrelation among the

variables was rejected for both the fixed and random effect models at the 1% level of

significance.
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Finally, Hausman test was conducted to select between the fixed-effects and

random-effects models. As shown in the last row of Table 4.2, the null hypothesis that

the difference in coefficients between the fixed effects and random effects models is

not systematic was accepted at the 5% level but rejected at the 10% significance level.

Given this weakly statistically significant finding, I report the results from both

fixed-effects and random-effects regressions as the long-run estimations.

Given the diagnostic testing results, I run the regressions with Driscoll-Kraay

standard errors that account for the groupwise heteroskedasticity and serial

autocorrelation in panel data when using a fixed effects regression model and with

generalized least squares estimation (FGLS) when using a random effects regression

model. The results are shown in Table 4.3. The graph of fixed-effect model is shown

as Figure 2, and the graph of random-effect model is shown as Figure 3.

Table 4.3: Results of Fixed-effect Regression and Random-effect Regression

lnSO2

N=434, n=31, T=14

Fixed-Effect Model Random-Effect Model

Estimates

Variable Coef. Std.err T-Stat P-value Coef. Std.err. T-Stat P-value

constant 10.132** 1.155 8.780 0.000 10.010*** 1.457 6.870 0.000

lnpgdp -6.316** 1.739 -3.630 0.003 -6.100*** 1.409 -4.330 0.000

lnpdp2 2.279*** 0.603 3.780 0.002 2.188*** 0.464 4.710 0.000

lnpdp3 -0.276** 0.071 -3.870 0.002 -0.263*** 0.050 -5.270 0.000

indus 3.576** 1.287 2.780 0.016 3.860*** 1.217 3.170 0.002

density 0.009* 0.005 1.950 0.073 0.006*** 0.002 2.770 0.006

patent 0.000 0.000 1.360 0.198 0.000 0.000 0.570 0.568

trade 0.221 0.232 0.950 0.360 0.100 0.284 0.350 0.724

R2 0.540 0.331

EKC shape Monotonically Decreasing Monotonically Decreasing
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Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

Fig.2. EKC from the Fixed-Effect Model Estimation

Fig.3. EKC from the Random-Effect Model Estimation

Table 4.3 shows that, lnpgdp, lnpgdp2, lnpgdp3 are all statistically significant at

the 1% level in both models. From Figures 2 and 3, the EKCs from both the
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fixed-effect and random-effect model estimations are monotonically decreasing. It

means that the economic prosperity and environmental pollution is negative correlated.

These results are in contrast with those found in past studies1 using Chinese data.

This may be due to the more recent sample period used in this study. As for the

findings from the other controlled variables, in the fixed-effect model, indus is

statistically significant at the 5% level and density at the 10% level – both having the

hypothesized direction of association in the fixed-effect model. In the random-effect

model, indus and density are statistically significant at the 1% level. The positive

coefficients of indus and density in these two models show that the more the

proportion of secondary industry, the more the emission of sulfur dioxide and the

higher the population density, the more the emission of sulfur dioxide.

5. Spatial Econometric Regression

The air pollutants, water pollutants, and soil pollutants in one region can diffuse

to its neighboring areas. Since the cross-regional pollutants generated from economic

cooperation and industrial transfer in neighboring areas are likely associated with the

environmental quality and economic development, I follow Wang, Guan & Zhang

(2009), Fan et al. (2009), and An, Wang & Wu (2014) by running spatial econometric

regressions to investigate the cross-regional relationships between environmental

pollution and economic growth.

1

The EKCs in Ma & Li (2006), Fan et al. (2009), Zhao & Li (2012) are N-shaped; the EKC in Lin & Jiang (2009) is
inverted U-shaped; the EKCs in An, Wang & Wu (2014) are inverted N-shaped.
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Two spatial econometric models (Equations 2 and 3 below), namely a Spatial

Lag Model (SLM) and Spatial Errors Model (SEM) are used in this study:

SLM:

ititiitiitiiti

itiitiitiitiit

tradepatentdensityindus
pgdppgdppgdpSOWSO
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where i denotes the individual province, t denotes the year,  and  are

the coefficients. W is the n×n order spatial weight matrix, which reflects the

geographic relationship between provinces. In this matrix, if two provinces are

neighboring, the number at intersection of their codes is one; if two provinces are

not neighboring, the number at intersection of their codes is zero. The

parameter  is the spatial lag parameter, which reflects the spatial lag effect – i.e.,

the dependent variable in one area is affected by independent variables in this

area along with dependent variables in the neighboring areas. In Equation )2( ,

the spatial lag variable is 2ln SO . If  is positive, the growth of the emission of

sulfur dioxide in a province’s neighboring provinces will increase the emission of
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sulfur dioxide in this province. If  is negative, the growth of the emission of

sulfur dioxide in a province’s neighboring provinces will decrease the emission of

sulfur dioxide in this province.  is the spatial error parameter, which reflects

the effect of the omitted independent variables in a province’s neighboring

province on this province. If  is positive, an increase in the omitted

independent variables in a province’s neighboring provinces will increase the

emission of sulfur dioxide in this province.

Given the panel nature of the data set, individual province effects (hereafter

called individual effects), time effects, and both individual province and time effects

(hereafter called both-individual-and-time effects) regressions were run for the two

models. The individual effect reflects the relationship between GDP per capita and

the emission of sulfur dioxide when holding time constant and allowing the individual

provinces change. The time effect reflects the relation between GDP per capita and

the emission of sulfur dioxide when holding the individual province constant over

time periods. The both-individual-and-time effect, holding nothing constant, reflects

the relationship between GDP per capita and the emission of sulfur dioxide over

different or the same year in different or the same province. The Hausman test was

conducted to choose between the fixed-effect and random-effect regression models.

When the null hypothesis that the difference in coefficients is not systematic is
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rejected, the fixed effect model is preferred. Otherwise, the random effect is preferred.

Results are shown in Table 5.1.

Table 5.1: Hausman test for the spatial econometric models: SLM and SEM

Null Hypothesis the difference in coefficients is not systematic

Test Statistic chi2(8) = (b-B)'[(V_b-V_B)^(-1)](b-B)

Model SLM SEM

Individual Province Effect 24.110*** 9.920

Time Effect 11.560 63.900***

Both-Individual-and-Time Effect 26.220*** 83.350***

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

As shown in Table 5.1, the null hypothesis was rejected at the 1% level of

significance for the individual province effect and both-individual-and-time effect of

the SLM and for the time effect and both-individual-and-time effect of the SEM. The

individual effect ignores the economic behaviour differences across the provinces.

The time effect ignores the economic behaviour differences over different periods.

Thus, for my long-run estimations, in SLM, I report the results from the fixed-effect

model for individual effect model and both-individual-and-time effect model and the

results from the random-effect model for time effect model. In SEM, I report the

results from the random-effect model for individual effect model and the results from

the fixed-effect model for time effect model and both-individual-and-time effect

model. Based on the principle of SLM, SEM and maximum likelihood estimation, I

select the model in which the spatial lag parameter or spatial error parameter is
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statistically significant, and the value of the log-likelihood is the largest. The results of

SLM and SEM are shown in Tables 5.2 and 5.3 respectively.

Table 5.2: Results of the SLM regression

Individual Effect Time Effect Both-Individual-and-Time

Effect

Variable Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

ρ 0.641*** 0.035 0.616*** 0.036 0.375*** 0.054

Estimates

constant 6.163*** 0.962

lnpgdp -4.854*** 0.890 -4.892*** 0.914 -5.107*** 0.879

lnpgdp2 1.726*** 0.290 1.738*** 0.296 1.711*** 0.290

lnpgdp3 -0.201*** 0.031 -0.202*** 0.032 -0.195*** 0.031

indus 1.591*** 0.382 1.743*** 0.396 1.178** 0.485

density 0.001 0.002 0.001 0.002 -0.004 0.002

patent 0.000 0.000 0.000 0.000 0.000 0.000

trade -0.136 0.168 -0.144 0.168 -0.359 0.172

Log-Likelihood -0.152 -104.510 41.241

R2

Within 0.609 0.606 0.484

Between 0.094 0.311 0.017

Overall 0.042 0.345 0.001

Note: (1) *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

(2) For all variables, the number of overall observations is 434, the number of between-group observations is

31, and the number of within-group observations is 14.

Table 5.2 shows that in SLM, the estimated spatial lag parameter (  ) is

statistically significant at the 1% level and positive. This means that the increase of

the emission of sulfur dioxide in the neighboring provinces of a province is positively

correlated with the increase of the emission of sulfur dioxide in this province. Since

the largest value of Log-likelihood is with the both-individual-and-time effect model,

I choose to report the results from the both-individual-and-time effect model. As

shown in the last column of Table 5.2, lnpgdp, lnpgdp2 and lnpgdp3 are all
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statistically significant at the 1% level, meaning that economic prosperity is

significantly associated with environmental pollution in China from 2004 and 2017.

Additionally, indus is statistically significant at the 5% level and the parameter

estimated is positive, suggesting the more the proportion of the secondary industry in

a province, the more the emission of sulfur dioxide in this province.

Table 5.3: Results of SEM regression

Individual Effect Time Effect Both-Individual-and-Time

Effect

Variable Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

λ 0.725*** 0.038 -0.045 0.067 0.373*** 0.060

Estimates

constant 9.769*** 1.047

lnpgdp -4.710*** 0.970 -9.075*** 3.277 -5.051*** 0.902

lnpgdp2 1.697*** 0.306 2.840*** 1.034 1.726*** 0.293

lnpgdp3 -0.203*** 0.032 -0.290*** 0.106 -0.197*** 0.031

indus 1.818*** 0.396 9.909*** 0.714 1.039** 0.467

density 0.000 0.002 0.002* 0.001 -0.005** 0.002

patent 0.000 0.000 0.000 0.000 0.000 0.000

trade -0.231 0.168 -0.418 0.309 -0.408** 0.169

Log-likelihood -112.007 -585.916 40.579

R2

Within 0.517 0.279 0.470

Betwee

n

0.175 0.506 0.029

Overall 0.216 0.467 0.052

Note: (1) *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

(2) For all variables, the number of overall observations is 434, the number of between-group observations is

31, and the number of within-group observations is 14.

Table 5.3 shows that in SEM, the spatial error parameters (  ) in the

both-individual-and-time effect model in the last column is statistically significant at

the 1% level and positive. This means there are some omitted variables in the

neighboring provinces of a province increasing the emission of sulfur dioxide in this
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province. Furthermore, our core independent variables lnpgdp, lnpgdp2 and lnpgdp3

are all statistically significant at the 1% level. This means that GDP per capita is a

significant factor in explaining the emission of sulfur dioxide. Additionally, line in the

SLM, indus is statistically significant at the 5% level and the parameter estimated is

positive. Finally, the density and trade are statistically significant at the 5% level and

the parameter estimates are negative. These results of indus and density are in contrast

with previous literature possibly due to omitted variables bias. For example, due to

data limitation, I have not controlled for any policy variables, which could play a very

important role in the level of pollution.

In summary, from the results of my SLM regressions, the increase of the

emission of sulfur dioxide in the neighboring provinces of one province is positively

associated with the increase of the emission of sulfur dioxide in this province. In

addition, changes in industrial structure in a province are positively correlated with

the emission of sulfur dioxide in this province. The more the proportion of the

secondary industry in a province, the more the emission of sulfur dioxide in this

province.

From the results of my SEM regressions, the omitted variables in the

neighboring provinces of a province are positively associated with the emission of

sulfur dioxide in this province. In addition, the proportion of the secondary industry in

a province is positively correlated with the emission of sulfur dioxide in this province.
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However, in contrast with the previous literature, the population density and the

freedom of foreign trade are negatively associated with the emission of sulfur dioxide.

6. Conclusion

6.1. Summary

This report used panel econometric regressions and spatial econometric

regressions to estimate the relationship between environmental pollution and

economic growth. Using a panel data set of 31 Chinese provinces from 2004 to 2017

and the fixed-effects and random-effects regressions, I found that China’s economic

development plays a significant role in alleviating local environmental pollution,

while the overweight of secondary industry aggravates pollution. Furthermore,

inconsistent with previous studies for China, I found that the EKC was monotonically

decreasing relationship. Results from my spatial econometric regressions showed

significant spatial correlations between neighboring provinces meaning that

environmental pollution in a province is positively associated with the environmental

pollution in its neighboring provinces. This is the phenomenon of negative

externalities, which refers to the behavior from one individual or firm increases the

cost of other individuals or firms without payment. In addition, on contrast with the

previous literature, in this study, the population density and the freedom of foreign

trade are negatively associated with the emission of sulfur dioxide in a province. It

may because this study is subject to the omitted variables bias. For example, I have

not controlled for any policy variables, which could play a very significant role in the
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level of pollution. Collecting the information of policy variables is a huge and very

challenging task since provincial regulations towards various pollutants differ across

the provinces and over time. Due to time limitation, this is left for a future study.

Like all studies, this report has some shortcomings. For example, my results may

be subject to an endogeneity bias. The aim of EKC is to investigate the effect of

economic development on the environment. However, the causal relationship between

the economy and the environment could go in both directions. Economic growth

affects the quality of the environment, and environmental degradation in turn may

limit economic growth. That is, economic growth cannot persist for an indefinite

period owing to the inadequate availability of natural resources (Meadows et al. 1972).

In addition, I used only one measure of environmental degradation, the emission of

sulfur dioxide, as a dependent variable in this study. There are other pollutants, such

as wastewater, industrial waste gas and industrial solid waste, which could be used as

dependent variables to estimate the impact of economic growth on the environment.

In future research, I could find suitable instrumental variables to reduce the potential

endogeneity bias and use other measures of environmental degradation for robustness.

6.2. Policy Recommendations

My results show that GDP per capita significantly affects the emission of sulfur

dioxide. Thus, for a developing country like China, it should formulate growth

policies to ensure stable and sustainable economic growth, so that economic
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development and environmental production can work together to improve the overall

environmental quality of China. In addition, my results showed the proportion of the

secondary industry significantly affected the emission of sulfur dioxide. Therefore,

further investments in high value-added, renewable, and low-carbon industries with

international competitiveness to improve environmental quality in China are

recommended. Finally, results from the spatial econometric regressions, that the

emission of sulfur dioxide in one province significantly affects the level of sulfur

dioxide emission in the neighboring provinces, suggest that environmental

improvement in one province may be helpful to environmental improvement in its

neighboring provinces, thereby removing an important negative externality. Thus, a

national environmental policy that encourages more cooperation between neighboring

provincial governments is needed to decrease pollutants more effectively in China.
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Appendix A: Descriptive Statistics

Table A1: Descriptive Statistics

Variable Mean
Standard

Deviation
Minimum Maximum

SO2 overall 657.842 452.108 1.000 2002.000

between 404.471 3.900 1597.950

within 213.813 -467.608 1065.099

pgdp overall 34.186 23.009 4.225 137.646

between 17.206 17.214 83.933

within 15.564 -7.868 87.900

indus Overall 0.435 0.083 0.169 0.620

Between 0.076 0.214 0.553

within 0.037 0.256 0.532

patent overall 49370.820 87176.140 62.000 627834.000

between 66872.580 289.929 281526.900

within 57113.910 -208624.000 451628.500

trade overall 0.300 0.348 0.017 1.483

between 0.342 0.052 1.241

within 0.085 -0.163 0.647

density overall 43.688 67.013 0.225 404.333

between 67.615 0.247 371.762

within 7.497 -22.241 76.259

Note: For all variables, the number of overall observations is 434, the number of between-group observations is 31,

and the number of within-group observations is 14.

Table A1 presents descriptive statistics of all data used for estimating Equation

(1). In contrast to the normal descriptive statistics, the descriptive statistics in panel

data adds the within-group and between-group statistics of standard deviation,

maximum and minimum values. The between-group statistic measures the differences

between provinces for the same year. The within-group statistics indicates the

differences between different years in the same province. The standard deviation of
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each indicator, and the differences between the maximum and minimum values, show

that the level of economic development (measured by per capita income),

industrialization (measured by industrial structure), and emissions of pollutants are

greatly different between Chinese provinces. This is closely related to the unbalanced

regional development in China.
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Appendix B: Cointegration Tests

First, Table B1 shows the results of the Kao test. Among five test statistics, the

null hypothesis is rejected at the 5% significance by the statistics of Modified

Dickey-Fuller t and Unadjusted modified Dickey-Fuller t, is rejected at the 1%

significance by the statistics of Dickey-Fuller t and Unadjusted Dickey-Fuller t.

Because the null hypothesis is rejected at least at 5% significance by most of the

statistics, we can say that from Kao test, there is cointegration between all of the

variables. Secondly, Table B2 contains the results of the Pedroni test. The null

hypothesis is rejected at the 1% significance by all three statistics. Thus, we can say

that from Pedroni test, there is cointegration between all of the variables. Thirdly,

Table B3 presents the results for the Westerlund test. The null hypothesis is rejected at

the 1% significance. Therefore, we can say that from Westerlund test, there is

cointegration between all the variables.

Table B1: Results of Kao Cointegration test

Test Statistic P-Value

Modified Dickey-Fuller t 2.238** 0.013

Dickey-Fuller t 4.538*** 0.000

Augmented Dickey-Fuller t -0.944 0.173

Unadjusted modified Dickey-Fuller t 2.124** 0.017

Unadjusted Dickey-Fuller t 4.403*** 0.000

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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Table B2: Results of Pedroni Cointegration test

Test Statistic P-Value

Modified Phillips-Perron t 9.767*** 0.000

Phillips-Perron t -15.358*** 0.000

Augmented Dickey-Fuller t -12.263*** 0.000

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

Table B3: Results of Westerlund Cointegration test

Test Statistic P-Value

Variance ratio 2.387*** 0.009

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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