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Abstract: 
We examine the effect of inter-provincial migration on air and water pollution for a panel of 

Chinese provinces over the period 2000-2013. To do so, we employ linear and non-linear 

panel data models in a Stochastic Impacts by Regression on Population, Affluence and 

Technology (STIRPAT) framework. Our findings from both the linear and non-linear models 

suggest that inter-provincial migration has contributed to air and water pollution. Results 

from the second-generation linear panel data models suggest that for every additional 10,000 

inter-provincial migrants, chemical oxygen demand (COD) increases 0.33-0.58 per cent and 

sulphur dioxide (SO2) increases 0.15-0.33 per cent. Our results from the non-linear threshold 

panel model are that for every additional 10,000 inter-provincial migrants, COD increases 

0.2-0.5 per cent and SO2 increases 0.10-0.20 per cent. These estimates mean that over the 

period 2000-2013 average interprovincial migration was responsible for 7-12.4 per cent of 

wastewater discharge and 3.2-7 per cent of SO2 emissions in China based on the second-

generation linear panel data models and 4.3-10.7 per cent of wastewater discharge and 2.1-

4.3 per cent of SO2 emissions based on the non-linear threshold panel model.  
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1. Introduction 

China’s internal migration has been described as the largest migration flow in history (Zhao, 

1999). According to the annual survey of migrant workers conducted by the National Bureau 

of Statistics, there were 274 million migrants working in China's cities in 2014, making up 

about 36 per cent of China’s total workforce of around 770 million (NBS, 2015). Many of 

these migrants are inter-provincial migrants, migrating from the lower income central and 

western provinces to the big cities on the coastal seaboard. China’s internal migration has 

brought the Chinese economy many benefits. Internal migrants have been the engine room 

that has been responsible for China’s high rate of economic growth for over three decades. 

But, this has also come at a cost. The sheer scale of the population flow has resulted in higher 

energy use in China’s cities (Fan et al., 2016) as well as contributing to rapid urbanization, 

and associated pressures that this has placed on the environment (Li, 2014). 

 

China’s rapid industrialization, fuelled in large part by cheap migrant labour, has generated 

what is being described as an “environmental crisis” (Albert & Xu, 2016). China’s energy 

consumption has ballooned. China is the world’s largest consumer of coal, accounting for 

about half of global consumption (EIA, 2015). In late 2015, reports emerged suggesting that 

China was consuming 17 per cent more coal than previously thought (Buckley, 2015).  The 

consumption of coal releases acidic pollution (eg. SO2 and NOx), with China now the world’s 

largest emitter of SO2 (Song & Yang, 2014). Previous research suggests that regulations 

designed to improve air quality for the Beijing Olympics (Chen et al., 2013; He et al., 2016) 

as well as SO2 emissions in targeted, cities (Hering & Poncet, 2014) were effective, air 

pollution in major cities, and Beijing in particular, continues to be a major problem.  

 

In response to concern about acidic pollution - acid rain, haze and petrochemical smog – in 

December 2015 Beijing issued a red alert for severe pollution, closing schools and factories, 

halting outdoor construction and limiting traffic (Albert & Xu, 2016). In the first three 

quarters of 2015, 80 per cent of China’s 367 cities with real-time air quality monitoring failed 

to meet national small-particle pollution standards (Albert & Xu, 2016). Wastewater 

discharge from industries has also contaminated water supplies. In 2014 groundwater 

supplies in more than 60 per cent of Chinese cities was categorized as “bad to very bad”, 

http://www.stats.gov.cn/tjsj/zxfb/201504/t20150429_797821.html
http://www.stats.gov.cn/tjsj/zxfb/201504/t20150429_797821.html


while more than a quarter of China’s major rivers were considered to be “unfit for human 

contact” (Albert & Xu, 2016).  

 

A growing literature exists which examines the determinants of pollution in China (see eg. 

Du et al., 2012; Li & Lin 2016; Qin & Wu 2015; Shao et al, 2011; Wang et al. 2014, 2015; 

Xu & Lin 2015; Zhang & Lin, 2012). Yet, we know very little about the role that internal 

migration has played in contributing to pollution in China. We examine the effect of inter-

provincial migration on air and water pollution for a panel of Chinese provinces over the 

period 2000-2013. To do so, we employ an extended version of the Stochastic Impacts by 

Regression on Population, Affluence and Technology (STIRPAT) model, in which we 

include several control variables to deal with possible endogeneity and omitted variable bias 

(for recent studies that use a STIRPAT model in the economics literature see Qin & Wu, 

2015; Rafiq et al. 2016a; Sadorsky, 2014). Our results from second-generation panel data 

models suggest that for every additional 10,000 inter-provincial migrants, wastewater 

discharge, measured by chemical oxygen demand (COD), increases 0.33-0.58 per cent and 

SO2 increases 0.15-0.33 per cent, depending on the exact model and specification. Our results 

from a non-linear threshold panel model are similar, indicating that for every additional 

10,000 inter-provincial migrants, COD, increases 0.2-0.5 per cent and SO2 increases 0.10-

0.20 per cent, depending on the specification.  These results are robust to further modeling 

using fixed-effect panel quintile regression and regime-dependent estimation. 

 

Our findings contribute to at least two strands of literature. One set of studies are those on the 

determinants of industrial pollution in China, which, as we have said, has largely ignored the 

role of internal migration.  The other is a very small extant literature that has examined the 

effect of migration on pollution. This is largely limited to three studies that examine the 

association between immigration and pollution in the United States and one study that 

examines the relationship between internal migration and pollution emissions in China. The 

three studies for the United States suggest that immigration may have little, or no, effect on 

pollution levels (Price & Feldmeyer, 2012; Squalli, 2009, 2010). We improve on the design 

of these studies in important respects. Squalli (2009, 2010) uses cross-sectional data and does 

not control for endogeneity. Price and Feldmeyer (2012) use panel data for the period 2000-

2006, but rely mainly on bivariate and simple multivariate (pooled OLS) analysis that is not 

robust to cross-sectional dependence or endogeneity. None of these studies include additional 



controls for variables, such as energy consumption, which are known to be contributors to 

pollution. Compared to these studies, we use more controls and employ various panel data 

models that address a host of econometric issues that may bias the estimates. 

 

The paper closest to what we do is Qin and Liao (2016). These authors use a STIRPAT 

model to examine the relationship between internal migration and pollution in 113 Chinese 

cities using a two period (2004 and 2010) panel dataset. Their results suggest that internal 

migration contributed to air pollution. Our design improves on that used by Qin and Liao 

(2016) in several ways. First, several studies suggest that urbanization may have detrimental 

impacts on several environmental quality indicators like air quality, water pollution, 

inadequate waste management and sanitation systems, unsustainable natural resource use and 

degradation of sensitive ecosystems, such as the coastal environment such (see eg Brennan, 

1999; Hope & Lekorwe, 1999). While Qin and Liao (2016) use only air quality to represent 

environmental quality, we include both air pollution and water contamination data to analyze 

the consequences of rapid Chinese internal migration on the environment. 

 

Second, Qin and Liao’s (2016) analysis is based on only two periods (2004 and 2010). 

Studying only two years of data may essentially limit their ability to capture dynamic 

linkages between the variables over a reasonable amount of time. In contrast, we cover a 

much longer timespan, which enables us to take account of events that took place at different 

points in the rapid growth of internal migration in China. Third, Qin and Liao (2016) only 

include affluence, industrial production, population density, internal migration and air 

pollution data in their analysis, leaving out a large number of relevant controls from the 

theoretical framework. Ignoring important variables like energy consumption and foreign 

direct investment in ascertaining determinants of air pollution is questionable from the 

perspective of omitted variable bias and model endogeneity.  Fourth, while studies such as 

Bates (2002), Gray (2009), Henry et al. (2004), Hugo (1996), Hunter (2005) and Massey et 

al. (2010) discuss the effects of environmental factors on migration, Qin and Liao (2016) do 

not consider, or attempt to address, reverse causality. Finally, while Environmental Kuznets 

Curve-type analyses are indicative of nonlinear linkages between environment and economic 

activities, Qin and Liao (2016) do not investigate the nonlinear properties. Our study 

implements linear, non-linear and quantile analyses covering substantially large periods of 

time and controlling for all relevant economic and environmental indicators.    



 

 

2. Conceptual Framework 

While research examining the direct effect of migration on negative environmental outcomes 

such as air and water pollution is scant, the broader literature on the relationships between 

demographic processes, such as population growth, and the environment provides a useful 

starting point for considering the conceptual framework in which to situate such a study. The 

concept of carrying capacity has been used in both animal population (Plumb et al., 2009) 

and human population (Brown et al., 1997; Butler, 1996) movement studies to understand the 

population-environment relationship. Carrying capacity has been defined by the United 

Nations as “the level of population that may be supported by a country at a given level of 

welfare” (UNESCO, 1984, p.375). Inherent in this definition is the idea that overpopulation 

may result in overconsumption of resources or depletion of environmental resilience.  

 

The notion of carrying capacity has its origins in the natural systems literature on livestock, 

grazing and game management dating back to the late 1800’s (Sayre, 2008). The fact that 

some finite carrying capacity existed for the management of stock and wild fauna was taken 

as given and was used as a basis for land leases, credit and stock rates. It was not until after 

World War II that the concept of carrying capacity was applied to humans, with the scale of 

consideration growing from hectares to continents, and ultimately the globe. The notion that 

there could be calculated a finite human carrying capacity grew to serve arguments around 

the implications of human population growth on the Earth’s resources, and provided the basis 

for a political tool to scapegoat migrant populations in popular receiving countries such as 

Australia (Hugo, 1996). Indeed, this neo-Malthusian perspective has pervaded much debate 

over the world’s carrying capacity for humans, and has been influential in promoting 

awareness of the limits to economic activity (Seidi & Tisdell, 1999).  

 

In respect of population growth from human migration, the notion of carrying capacity 

implies that large-scale rural-urban migration, such as that observed in China, is a direct 

threat to the environment of receiving urban destinations (Qin & Liao, 2016). The 

relationship between migration and environmental outcomes is of course more complex. 

Nevertheless, these fundamental ideas about carrying capacity and the theoretical impact of 



overpopulation on the Earth are central to Ehrlich and Holdren’s (1971) IPAT model, 

predicting environmental impact from the product of population size, per capita consumption 

and the technology required to supply each unit of consumption.  

 

In the Chinese migration context, the consideration of consumption and industrial technology 

in the production of deleterious environmental outcomes are important, given that both are 

likely key elements shaping the extent of environmental impact. Increasing local population 

growth through inward migration puts pressure on community infrastructure that may be 

unable to accommodate increased consumption and the byproducts of increases in industrial 

technology. The pace in the growth of internal migration in China over the past few decades 

may also have outpaced the capacity of the receiving environments to adapt and absorb the 

effects of population increases. Several studies have shown the migration has a greater 

negative impact on environmental outcomes than other forms of population growth because 

migrants tend to have a positive impact on urbanization, which itself influences 

environmental negative externalities, such as pollution emissions (Cole & Neumayer, 2004). 

In this respect, Chinese internal migrants almost certainly have a disproportionate impact on 

environmental negative externalities in China’s receiving destinations, given that the very 

fact of their migration is the key driver of Chinese urban growth. In addition, migrants have 

provided the workforce for China’s coal mining sector and manufacturing base, which, 

through the burning of fossil fuels, has been a major contributor to pollution.  Accordingly, 

consistent with the notions of carrying capacity, we expect to find that inter-provincial 

migration in China has contributed to negative environmental outcomes in China in those 

provinces with positive net inward migration. More specifically, we expect that increases in 

migration flow will predict increases in both air and water pollution. 

 

3. Empirical Specification: 

We use two extended versions of the STIRPAT model. The first model represents technology 

through internal migration. The other model augments the first model with several more 

control variables to deal with possible endogeneity and omitted variable bias. To deal with 

reverse causality between internal migration and environmental degradation we have taken 

one period lagged value of all the exogenous variables in our models. To be precise, we have 

adopted a reduced form STIRPAT model as follows: 



   
𝑌𝑖𝑡 = 𝛼0 + 𝛼1𝑃𝑂𝑃𝑖𝑡−1 + 𝛼2𝐴𝐹𝐿𝑖𝑡−1 + 𝛼3𝑀𝐺𝑅𝑖𝑡−1 + 𝛼4𝑋𝑖𝑡−1

/
+ 휀𝑖𝑡   (1) 

 

where, Yit stands for environmental outcomes. POPit, AFLit and MGRit represent population, 

affluence and internal migration, respectively. Xit is a set of control variables. With regard to 

environmental outcomes, we use two commonly used indicators for air and water quality in 

China; namely, volume of sulphur dioxide (SO2) emissions by industries, representing waste 

gas, and volume of chemical oxygen demand (COD) discharged by industries, representing 

waste water. Hence, extended versions of our four models are as follows: 

𝐶𝑂𝐷𝑖𝑡 = 𝛼0 + 𝛼1𝑃𝑂𝑃𝑖𝑡−1 + 𝛼2𝐴𝐹𝐿𝑖𝑡−1 + 𝛼3𝑀𝐺𝑅𝑖𝑡−1 + 휀1𝑖𝑡    (2) 

𝐶𝑂𝐷𝑖𝑡 = 𝛽0 + 𝛽1𝑃𝑂𝑃𝑖𝑡−1 + 𝛽2𝐴𝐹𝐿𝑖𝑡−1 + 𝛽3𝑀𝐺𝑅𝑖𝑡−1 + 𝛽4𝐸𝐶𝑖𝑡−1 + 𝛽5𝐸𝑀𝑃𝑖𝑡−1 +

𝛽6𝐶𝑃𝐼𝑖𝑡−1 + 𝛽7𝑊𝐺𝐸𝑖𝑡−1 + 𝛽8𝐷𝐹𝐼𝑖𝑡−1 + 𝛽9𝑆𝐶𝐿𝑖𝑡−1 + 𝛽10𝐻𝐿𝑇𝑖𝑡−1 + 휀2𝑖𝑡   (3) 

𝑆𝑂2𝑖𝑡
= 𝛾0 + 𝛾1𝑃𝑂𝑃𝑖𝑡−1 + 𝛾2𝐴𝐹𝐿𝑖𝑡−1 + 𝛾3𝑀𝐺𝑅𝑖𝑡−1 + 휀3𝑖𝑡     (4) 

𝑆𝑂2𝑖𝑡
= 𝛿0 + 𝛿1𝑃𝑂𝑃𝑖𝑡−1 + 𝛿2𝐴𝐹𝐿𝑖𝑡−1 + 𝛿3𝑀𝐺𝑅𝑖𝑡−1 + 𝛿4𝐸𝐶𝑖𝑡−1 + 𝛿5𝐸𝑀𝑃𝑖𝑡−1 +

𝛿6𝐶𝑃𝐼𝑖𝑡−1 + 𝛿7𝑊𝐺𝐸𝑖𝑡−1 + 𝛿8𝐷𝐹𝐼𝑖𝑡−1 + 𝛿9𝑆𝐶𝐿𝑖𝑡−1 + 𝛿10𝐻𝐿𝑇𝑖𝑡−1 + 휀4𝑖𝑡   (5) 

where, EC, EMP, CPI, WGE, DFI, SCL and HLT represent energy consumption, total 

employment, the consumer price index, the average wage level, direct foreign investment, 

full-time teachers in schools, which is a proxy for education and the number of health 

institutions, which is as proxy for health at the provincial level, respectively. 

4. Data  

Annual provincial level data from 2000 to 2013 were obtained for thirty out of thirty four 

provincial-level administrative units in China; namely, Anhui, Beijing, Chongqing, Fujian, 

Gansu, Guangdong, Guangxi, Guizhou, Hainan, Heilongjiang, Henan, Hibei, Hubei, Hunan, 

Inner Mongolia, Jiangsu, Jiangxi, Jilin, Liaoning, Ningxia, Qinghai, Shaanxi, Shandong, 

Shanghai, Shanxi, Sichuan, Tianjin, Xinjiang, Yunnan and Zhejiang. Hence, our dataset 

contains all the provincial-level administrative units except Hong Kong, Macau, Taiwan and 

Tibet. Out of these thirty provinces, eleven are on the coastal seaboard, while nineteen are 

located in central and western China. Over the period studied there has invariably been net 

inward migration into almost all the coastal provinces, while most of the central and western 

provinces have experienced net outward migration, with a few exceptions such as Shanxi, 

Inner Mongolia, Jilin, Heilongjiang, Yunnan, Qinghai and Xinjiang.  



 Following the approach in Quinn and Liao (2014), we calculate annual provincial 

internal migration data as year-end total population less the total number of permanent 

residents in the province – ie. those with a household registration (hukou) from that province. 

Chan (2013) calculate provincial level inward and outward migration at 5-year intervals. To 

check the accuracy of our migration estimates we compared the trend in our data with that in 

Chan (2013). While the numbers do not exactly match, which is to be expected given they are 

at different time frequencies and from different sources, the trends are almost the same. 

 Units for COD and SO2 are 10,000 tons; units for POP, MGR, EMP and SCL are 

10,000 people; units for AFL are 100 million RMB per 10,000 people; units for EC are 

10.000 tons of SCE; CPI is measured in percentages; WGE is measured in RMB; DFI is 

measured in USD 10,000; and HLT is number of health institutions. All of our data, except 

for population and internal migration, were collected from either the Chinese Statistical 

Yearbook or the statistical yearbooks of the individual provinces. Population and internal 

migration data were obtained from the China Population Statistical Yearbook. Each of these 

yearbooks were sourced from the University of Michigan China Data Center. Summary 

statistics for all the relevant variables are presented in the Appendix Table A1.  

5. Results 

We commenced through implementing a series of standard panel data unit root tests; namely 

Maddala and Wu’s (1999) version of the Dickey and Fuller (1979) and Philips and Perron 

(1988) tests; and the Breitung (2000), Levin et al. (2002) and Im et al. (2003) tests to 

investigate whether the series follow a unit root process. For all the tests, the lag length was 

chosen using Schwarz Information Criteria (SIC). We do not report these results, but findings 

for COD, SO2, POP, AFL, MGR, EC, EMP, CPI, WGE, DFI, SCL and HLT were reasonably 

consistent, indicating that the variables contain unit roots at their levels.  

 These conventional panel unit root tests suffer from large size distortions if the data 

contains cross-sectional dependence (CSD) across individual units (O’Connell, 1998; 

Maddala & Wu, 1999; Strauss & Yigit, 2003; Banerjee et al., 2005). Accordingly, we 

perform Pesaran’s (2004) CSD test, which follow an N (0, 1) distribution. According to the 

results of this test, presented in Table 1, the null hypothesis that innovations in all the 

variables are cross-sectionally independent is rejected at the 1 per cent level.  

As all the variables are affected by CSD, we implemented the Pesaran (2007) and 

Pesaran et al. (2013) panel unit root tests, both of which allow for CSD. The results, which 



are reported in Table 2, are pretty consistent in documenting that almost all the variables have 

unit root in their levels and are stationary at their first differences.  

While the unit root test results, thus far, suggest that our variables follow a I(1) 

process, it is not yet sufficient to conclude that the variables are nonstationary as some of 

them might be subject to significant structural breaks(s). Hence, we also implement the 

Carri�́�n-i-Silvestre et al. (2005) panel unit root tests, which allows for up to five structural 

breaks. The bootstrap critical values allow for CSD. The results, which are reported in Table 

3, indicate that all statistics reject the null hypothesis of stationarity for each of the variables 

in both homogeneous and heterogeneous long run versions of the test.  

 On the basis of the stationarity and unit root tests, we conclude that all variables are 

I(1) and proceed to examine whether there are long run linkages among the variables. We 

first implemented the Pedroni (2001) and Westerlund (2007) cointegration tests. The results 

from both tests, which are provided in Appendix Tables A2 and A3, suggest there are 

cointegrating relationships among these variables. However, neither of these tests 

accommodate CSD.  Therefore, we use another cointegration test suggested by Banerjee and 

Carri�́�n-i-Silvestre (2013). The advantage of this test is that it allows for both structural 

breaks and CSD when testing the null hypothesis of no cointegration. The results, which are 

given in Table 4, indicate that for all the models the null hypothesis of spurious regression is 

rejected at a level above 60 per cent, ranging from 63.18 per cent to 72.05 per cent. Hence, 

both individual and panel test statistics indicate that there exist long run cointegrating 

relationships among the variables for all four model specifications. 

 Having established cointegration, we proceed to identifying both long run linkages 

and short run dynamics among the variables. We start by estimating these relationships based 

on Fully Modified Least Squares (FMOLS) (Kao & Chiang, 2000). FMOLS correct standard 

pooled OLS for both serial correlation and endogeneity (Baltagi & Kao, 2001). According to 

the long-run estimates presented in Table 5, the coefficients on population, affluence and 

migration are positive and significant. According to Model 1 and 2, for an increase in internal 

migration of 10,000 people, COD is expected to increase by approximately 0.33 per cent and 

0.58 per cent and SO2 is expected to increase by about 0.30 per cent and 0.15 per cent, 

respectively. With regard to the control variables, while price levels and health facilities have 

detrimental effects on COD discharge, direct foreign investment reduces COD discharge. 

 Previous studies for China have produced mixed results on the pollution halo and 

pollution haven hypotheses. Our results, supporting the pollution halo hypothesis, are 

consistent with Cole et al. (2011), Zhang et al. (2016) and Zheng et al. (2010).  The positive 



impact of direct foreign investment may be due to the introduction of greener technology 

transfer that might be associated with foreign investment. The positive coefficient on HLT 

reflects that an increase in health institutions will lead to a rising amount of liquid waste into 

water. While energy consumption, employment, schools and health institutions increase the 

amount of SO2 content in the air, higher wages reduce it. These results reflect that 

employment, schools and health facilities are all indicative of greater economic and social 

activities and air pollution is also a consequence of greater energy use.  

The short run causality dynamics, reported in Table 6, confirms our findings 

regarding the long run interactions. There is unidirectional causality running from population, 

affluence, internal migration, price levels, direct foreign investments and health facilities to 

COD and unidirectional causality is also found between population, affluence, internal 

migration, energy consumption, wages, schools, health institutions and SO2. 

 While FMOLS addresses both model endogeneity and serial correlation, it is not 

always reliable where the panel contains CSD. The results for the Friedman (1937), Frees 

(1995) and Pesaran (2004) tests for CSD in Models 1 and 2 when COD and SO2 are the 

dependent variables are reported in Table 7. Overall, these tests reject the null hypothesis of 

cross-sectional independence for both Model 1 and 2 for both forms of pollution.  

If we assume a homogeneous panel, then the models can be estimated using standard 

panel regression methodologies, i.e. pooled OLS (POLS), FMOLS, Dynamic OLS (DOLS), 

and various fixed effects (FE), random effects (RE) or Generalized Method of Moments 

(GMM) specifications (Sadorsky, 2014; Rafiq et al., 2015, 2016a, 2016b.). However, in our 

case, the assumption that all the drivers that affect COD and SO2 across all 30 provincial 

administrative units are homogenous is quite unrealistic. We have provincial administrative 

units with different levels of economic development, industrialization and urbanization. In 

this these circumstances, models with heterogeneous slope coefficients can be estimated 

using Mean Group (MG) estimators (Pesaran, 1997; Pesaran and Smith, 1995) or variants of 

MG estimators, i.e. Pesaran’s (2006) Common Correlated Effects Mean Group (CCEMG) 

estimators, and the Augmented Mean Group (AMG) estimators (Bond & Eberhardt, 2009; 

Eberhardt & Teal, 2010). In addition to allowing for heterogeneous slope coefficients across 

group members, these estimators have the advantage that they account for CSD.  

The long run elasticities from these second-generation panel models are presented in 

Table 8. In most specifications, population, affluence and migration increase COD in waste 

water, while direct foreign investment reduces it. With regards to SO2 content in the air, 

internal migration seems to have a greater detrimental impact than population and affluence. 



The long run coefficients for internal migration with respect to COD from these second 

generation models are very similar to our findings using FMOLS. For an increase in internal 

migration of 10,000 people, the COD increase is between 0.15-0.68 per cent for model 1 and 

between 0.27-0.58 per cent in model 2. A similar increase in internal migration will lead to a 

0.08-0.58 per cent increase in SO2 in model 1 and 0.08-0.25 per cent increase in SO2 in 

model 2. Energy consumption also increases SO2.  Hence, our results from these three 

estimators are pretty much consistent with earlier findings from FMOLS that inter-provincial 

internal migration have harmful impacts for both water and air quality in the long run.  

We estimate the short run intertemporal effects of these variables on the environment 

using the pooled mean group causality estimator. The results are reported in Table 9. The 

coefficients on the error correction terms are negative and significant, confirming the 

existence of long run adjustments. There is unidirectional causality running from population, 

affluence and energy consumption to both COD and SO2, whereas it seem internal migration 

does not have any short run impact on pollution emissions.  

Given the existence of structural breaks in all the series studied here, our results from 

all these linear models might not be robust. Consequently, we estimate a non-linear threshold 

model allowing for CSD, proposed by Kapetanios et al. (2014) [KMS, 2014, hereafter]. The 

results are provided in Table 10. The coefficients from the non-linear model are almost 

identical to those from the FMOLS estimator presented earlier. All the spatial parameters (ρ, 

r) of the KMS (2014) approach are statistically significant at less than the one percent level, 

indicating that the least squares estimators are consistent (Theorem 1 in KMS, 2014). The 

coefficients on population, affluence and internal migration are all significant for both COD 

and SO2emissions. The coefficients for internal migration in our nonlinear model suggest 

that, according to models 1 and 2, for an increase in internal migration of 10,000 persons, 

COD increases 0.20-0.50 per cent and SO2 is increases 0.10-0.20 per cent respectively. 

Hence, our coefficients for internal migration with respect to COD and SO2 in the nonlinear 

model are very similar to our results from the linear models. With regards to the other 

variables, while energy consumption increases both COD and SO2, the price level only 

increases COD and employment, schools and health institutions increase SO2. Wages reduce 

both COD and SO2, whereas direct foreign investment reduces COD.  

6. Robustness tests: Estimations across quantiles and regimes 

 To further check the robustness of our results we undertake two different estimation 

strategies: one is based on quantile analysis and the other uses regime dependent estimators. 



Traditional regression methods are focused on mean effects, which may lead to over or 

under-estimating the relevant coefficients or even failing to detect vital linkages (Binder & 

Coad, 2011). We first implement a fixed effect panel quantile regression model suggested by 

Koenker (2004). By employing panel quantile regression, we estimate our models through the 

conditional distribution, especially in provinces with highest and lowest COD and SO2.  

 We estimate following conditional quantiles functions for τ: 

𝒬𝐶𝑂𝐷𝑖𝑡
(𝜏|𝛼𝑖, 𝜉𝑖 , 𝑥𝑖𝑡) = 𝛼𝑖 + 𝜉𝑖 + 휁1𝜏𝑃𝑂𝑃𝑖𝑡 + 휁2𝜏𝐴𝐹𝐿𝑖𝑡 + 휁3𝜏𝑀𝐺𝑅𝑖𝑡    (6) 

𝒬𝐶𝑂𝐷𝑖𝑡
(𝜏|𝛼𝑖, 𝜉𝑖 , 𝑥𝑖𝑡) = 𝛼𝑖 + 𝜉𝑖 + 휂1𝜏𝑃𝑂𝑃𝑖𝑡 + 휂2𝜏𝐴𝐹𝐿𝑖𝑡 + 휂3𝜏𝑀𝐺𝑅𝑖𝑡 + 휂4𝜏𝐸𝐶𝑖𝑡 + 휂5𝜏𝐸𝑀𝑃𝑖𝑡 +

휂6𝜏𝐶𝑃𝐼𝑖𝑡 + 휂7𝜏𝑊𝐺𝐸𝑖𝑡 + 휂8𝜏𝐷𝐹𝐼𝑖𝑡 + 휂9𝜏𝑆𝐶𝐿𝑖𝑡 + 휂10𝜏𝐻𝐿𝑇𝑖𝑡    (7) 

 𝒬𝑆𝑂2𝑖𝑡
(𝜏|𝛼𝑖, 𝜉𝑖, 𝑥𝑖𝑡) = 𝛼𝑖 + 𝜉𝑖 + 휃1𝜏𝑃𝑂𝑃𝑖𝑡 + 휃2𝜏𝐴𝐹𝐿𝑖𝑡 + 휃3𝜏𝑀𝐺𝑅𝑖𝑡    (8) 

𝒬𝑆𝑂2𝑖𝑡
(𝜏|𝛼𝑖, 𝜉𝑖, 𝑥𝑖𝑡) = 𝛼𝑖 + 𝜉𝑖 + 𝜆1𝜏𝑃𝑂𝑃𝑖𝑡 + 𝜆2𝜏𝐴𝐹𝐿𝑖𝑡 + 𝜆3𝜏𝑀𝐺𝑅𝑖𝑡 + 𝜆4𝜏𝐸𝐶𝑖𝑡 + 𝜆5𝜏𝐸𝑀𝑃𝑖𝑡 +

𝜆6𝜏𝐶𝑃𝐼𝑖𝑡 + 𝜆7𝜏𝑊𝐺𝐸𝑖𝑡 + 𝜆8𝜏𝐷𝐹𝐼𝑖𝑡 + 𝜆9𝜏𝑆𝐶𝐿𝑖𝑡 + 𝜆10𝜏𝐻𝐿𝑇𝑖𝑡    (9) 

 

According to the quantile base results, presented in Table 11, while the coefficients on 

population, affluence and internal migration are all significant in the COD equation, in the 

SO2 equation, only population and migration are significant for in all quantile levels. This 

result is similar to our findings from the mean group-type analysis. An increase in internal 

migration of 10,000 people increases COD and SO2 by 0.1-0.2 per cent at all quintile levels.  

 Given the identification of the break points earlier, we examine how the nonlinear 

interactions among environmental quality and the set of independent variables change across 

regimes defined by the break points. We take 2005 as the regime break date as all of the 

series experienced a structural break at that time. We estimate a structural regime-threshold 

model. This modification is inspired by the approaches in Enders and Granger (1998) and 

Hansen (1999), which permit regimes to be identified by one or multiple threshold variables. 

This methodological approach allows us to investigate how the dynamics of our benchmark 

models change, conditional on the stage of the imposed thresholds identified at an earlier 

stage of the empirical analysis. New specifications of our models yields: 

∆CODit = [a11∆POPit + a12∆AFLit + a13∆MGRit] ℓ(∆CO2it≤2005) + [a16∆POPit + a17∆AFLit + 

a18∆MGRit] ℓ(∆CO2it>2005) + v1it         (10) 

∆CODit = [b11∆POPit + b12∆AFLit + b13∆MGRit + b14∆EMPit+ b15∆CPIit+ b16∆WGEit + 

b17∆DFIit+ b18∆SCLit+ b19∆HLTit] ℓ(∆CO2it≤2005) + [b20∆POPit + b21∆AFLit+ b22∆MGRit + 

b23∆EMPit+ b24∆CPIit+ b25∆WGEit +b26∆DFIit+ b27∆SCLit+ b28∆HLTit] ℓ (∆CO2it>2005) + 

v2it           (11) 



∆SO2it = [c11∆POPit + c12∆AFLit + c13∆MGRit] ℓ(∆CO2it≤2005) + [c16∆POPit + c17∆AFLit + 

c18∆MGRit] ℓ(∆CO2it>2005) + v1it         (12) 

∆SO2it = [d11∆POPit + d12∆AFLit + d13∆MGRit + d14∆EMPit+ d15∆CPIit+ d16∆WGEit 

+d17∆DFIit+ d18∆SCLit+ d19∆HLTit] ℓ(∆CO2it≤2005) + [d20∆POPit + d21∆AFLit+ d22∆MGRit 

+ d23∆EMPit+ d24∆CPIit+ d25∆WGEit +d26∆DFIit+ d27∆SCLit+ d28∆HLTit] ℓ (∆CO2it>1990) + 

v2it           (13) 

Estimates of the multiple regime models are reported in Table 12. The results suggest that  

population, affluence and internal migration are significant and positive  in either one or both 

regimes for COD and SO2. While energy consumption and health institutions have negative 

environmental consequences, direct foreign investment seems to have positive environmental 

effect. Hence, findings from both of our robustness checks are consistent with our earlier 

main results. In particular our results suggest that (1) population, affluence, internal 

migration, energy consumption, schools and health institutions have a negative impact on the 

environment by increasing COD waste in water; (2) population, internal migration, energy 

consumption, schools and health institutions increase SO2 in the air; and (3) direct foreign 

investment reduces environmental degradation by decreasing both COD and SO2. 

 

7. Discussion and Conclusion 

Our findings from both the linear and non-linear models suggest that inter-provincial 

migration has contributed to air and water pollution. This result is consistent with our 

hypothesis based on notions of carrying capacity. The results from the second-generation 

linear panel data models suggest that for every additional 10,000 inter-provincial migrants, 

COD increases 0.33-0.58 per cent and SO2 increases 0.15-0.33 per cent. Our results from the 

KMS (2014) non-linear threshold panel model are that for every additional 10,000 inter-

provincial migrants, COD, increases 0.2-0.5 per cent and SO2 increases 0.10-0.20 per cent, 

depending on the specification.  These results are robust to alternative modeling using fixed-

effect panel quintile regression and regime-dependent estimation. These numbers mean that 

over the period 2000-2013 average interprovincial migration was responsible for 7-12.4 per 

cent of wastewater discharge and 3.2-7 per cent of SO2 emissions in China based on the 

second-generation linear panel data models and 4.3-10.7 per cent of wastewater discharge 

and 2.1-4.3 per cent of SO2 emissions based on the non-linear threshold panel model. 

 

 



These findings contribute to the extant literature on the determinants of pollution in China 

that, to this point, has largely ignored the role of internal migration. They also contribute to 

the limited literature that has examined the role of immigration on pollution emissions in the 

United States (Price & Feldmeyer, 2012; Squalli, 2009, 2010). These studies have found that 

immigration has had little, or no, effect on pollution in the United States. The context of our 

study, however, is different. China has experienced massive internal migration, which has not 

only contributed to urbanization, but has provided the workforce for China’s coalmines and 

manufacturing. Migrant workers constitute the bulk of the workforce in manufacturing, 

particularly along the coastal seaboard. An official survey found that even in large state-

owned coalmines that migrant workers make up 80 per cent of the workforce (SAWS, 2007). 

Coal mining and industrialization have been major contributors to SO2 and COD, 

respectively, in China through burning fossil fuels (Albert & Xu, 2016; Song & Yang, 2014).  

 

In addition, we improve on the design of the earlier studies in several respects. We have 

responded to calls “to collect and analyze longitudinal data with more time points and across 

different regions to further improve our understanding of the anthropogenic causes and 

consequences of environmental change in urban areas” (Qin & Liao, 2016, p.10).  Compared 

to earlier studies, that have used either cross-sectional data or longitudinal data for a couple 

of years only, we use more control variables and employ a host of different models and 

robustness checks that address a range of econometric issues that may bias the estimates. 

 

We conclude through stressing the policy implications of our results. Our findings suggest 

that, although internal migration will likely continue to be an important contributor to 

economic growth in China, a renewed focus on developing a more balanced regional 

development economic strategy with less emphasis on the large cities would be conducive to 

sustainable development. This is precisely the strategy that the Chinese government has 

adopted in the twelfth (2011-15) and thirteenth (2016-20) Five-Year National Economic and 

Social Development Plans. Advocating more balanced growth, these plans propose to 

redistribute population growth from the mega-cities in the eastern provinces to the mid-size 

and smaller cities in the interior provinces (Li, 2014). As part of this strategy, combined with 

a drive to eliminate poverty by 2020, the Chinese government has instigated several 

initiatives to stimulate village economies in the central and western provinces. These include 

giving farmers more autonomy to mange their own land and massive investment in 



infrastructure in rural areas designed to ensure that people in rural areas are better connected 

to the outside world. For example, the Chinese government aims to have 98 per cent of those 

in the countryside connected to the internet by 2020. This should be a major boost to living 

standards in smaller towns and cities through making a range of goods and services more 

available at cheaper prices through access to online shopping (KMPG, 2015). Our results 

provide empirical support for advocates of such a more balanced approach to development.      
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Table 1: Pesaran (2004) test for cross-section correlation of the errors in the ADF (p) 

regression  

Variables CD-test p-value corr abs(corr) 
Chemical Oxygen Demand (COD) 52.57*** 0.000 0.674 0.815 

Sulfur Dioxide (SO2) 24.31*** 0.000 0.312 0.534 

Population (POP) 24.85*** 0.000 0.318 0.768 

Real Per Capita Provincial Product (AFL) 77.60*** 0.000 0.994 0.994 

Internal Migration (MGR) 9.11*** 0.000 0.117 0.746 

Energy Consumption (EC) 76.69*** 0.000 0.983 0.983 

Total Employment (EMP) 59.21*** 0.000 0.759 0.813 

Consumer Price Index (CPI) 68.91*** 0.000 0.883 0.883 

Average Wage Level (WGE) 77.79*** 0.000 0.997 0.997 

Direct Foreign Investment (DFI) 65.50*** 0.000 0.839 0.839 

Full-Time Teachers (SCL)   3.21*** 0.001 0.041 0.623 

Health Institutions (HLT) 60.47*** 0.000 0.775 0.776 

Note: The CD test statistics is proposed in Pesaran (2004) for testing for cross-sectional dependence in panels. Under the null hypothesis 

of cross-section independence CD ~ N(0,1). *,**,*** denotes statistical significance at the 10%, 5% and 1% levels, respectively. 

 

  



 

Table 2: Panel Unit root tests accommodating cross-sectional dependence  

 Persaran (2007) Pesaran (2013)  Persaran (2007) Pesaran (2013) 

Level Variable CIPS z(t-bar) CSB( ) Diff. Var. CIPS z(t-bar) CSB( ) 

COD 19.366 0.838 ΔLCOD -4.148*** 0.838*** 

SO2 2.922 0.088 ΔLSO2 -3.741*** 0.787*** 

POP 1.429 0.298** ΔLPOP -4.310*** 0.575*** 

AFL 3.119 0.343*** ΔAFL -2.605*** 0.183 

MGR 4.158 0.152 ΔMGR -3.728*** 1.341*** 

EC 19.366 0.083 ΔEC -7.571*** 0.280** 

EMP 19.366 0.184 ΔEMP -4.388*** 0.579*** 

CPI 0.763 0.141 ΔCPI -3.338*** 0.157 

WGE 19.366 0.234 ΔWGE -4.973*** 0.421*** 

DFI 2.205 0.179 ΔDFI -1.838*** 0.536*** 

SCL 6.883 0.150 ΔSCL -2.763 0.406*** 

HLT 19.366 0.297** ΔHLT -5.195 0.515*** 

Note: The Schwarz Information Criterion (SIC) has been used to determine the optimum lag length. (***), (**), and (*) indicate that the 

test statistics is significant at 1%, 5%, and 10% levels, respectively. For CBS tests, critical values are obtained from Table B.3and B.4 of 

Pesaran (2013). Assuming m0=1, critical values for CSB ( ) are 0.279 and 0.322. 
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Table 3: Panel unit root test with structural breaks  

Variables Carri�́�n-i-Silvestre et al. (LM(λ)) Break Location (Tb) 

 Test Bootstrap Critical Value (5%)        

LCOD    

Ψ𝑡̅ 

 

50.667622** 6.6074108 2005, 2007 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

47.159969** 6.6074108 

LSO2    

Ψ𝑡̅ 

 

46.452144** 6.9416544 2005, 2009 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

43.602444** 6.9416544 

LPOP    

Ψ𝑡̅ 

 

157.44609** 8.0017232 2003, 2005, 2009 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

142.81416** 8.0017232 

AFL    

Ψ𝑡̅ 

 

20.047214** 7.8955608 2001, 2005, 2013  

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

19.359668** 7.8955608 

MGR    

Ψ𝑡̅ 

 

14.710725** 7.7718179 2005, 2009, 2010 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

13.949395** 7.7718179  

EC    

Ψ𝑡̅ 

 

127.61820** 8.9424644 2003, 2006, 2010   

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

119.16072** 8.9424644  

EMP    

Ψ𝑡̅ 

 

11.239884** 8.1347283 2004, 2007, 2011 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

10.704100** 8.1347283  

CPI    

Ψ𝑡̅ 

 

14.749173** 8.1528407 2004, 2005, 2009 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

14.165429** 8.1528407  

WGE    

Ψ𝑡̅ 

 

12.489236** 8.1417949 2005, 2007 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

11.263432** 8.1417949  

DFI    

Ψ𝑡̅ 

 

16.676842** 7.6539205 2003, 2010, 2011 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

16.166201** 7.6539205  

SCL    

Ψ𝑡̅ 

 

10.138792** 7.4817142 2005, 2007, 2012 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

10.021714** 7.4817142  

HLT    

Ψ𝑡̅ 

 

14.030506** 8.1116049 2003, 2005, 2010 

Ψ𝐿𝑀̅̅ ̅̅  

s 

 

13.688944** 8.1116049  

Note: The number of unknown structural break is set to be 5. The null of LM (λ) test implies stationarity. The Gauss procedure 

is undertaken based on the code provided by Ng & Perron (2001). The tests are computed using the Bartlett kernel and all the 

bandwidth and lag lengths are chosen according to 4(T/100)2/9.  The bootstrap critical value allow for cross-section 

dependence. Individual country break date are also computed, to be furnished upon request. (***), (**), and (*) indicate that 

the test statistics is significant at 1%, 5%, and 10% levels, respectively. 

 

 



 

Table 4: Panel Cointegration test with structural breaks and cross-section dependence 

Dependent variable COD SO2 

 Model I Model II Model I Model II 

% Individual rejections at the 5% level of sig. 64.76% 69.48% 72.05% 63.18% 

Panel data test statistic [ ] -5.39 -3.81 -4.59 -8.04 

 11 10 12 11 

 2 5 3 4 

 
3 3 3 3 

Note: Maximun numbers of factors allowed is . BIC in Bai and Ng (2004) is employed to estimate the optimum 

number of common factors ( ). We have chosen Model 5 of Banerjee and Carrion-i-Silvestre (2013) test, i.e., stable trend with the 

presence of multiple structural breaks affects both the level and the cointegrating vector of the model.  Hence, this test has further 

reported two break dates for each individuals which are not presented here, however they could be furnished upon request.  
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Table 5: Long-run FMOLS estimates for air and water pollution 

Coefficients /Dep Variable COD SO2 

 Model I Model II Model I Model II 

LPOP 0.434294*** 

(71.64951) 

1.085343*  

(1.795396) 

0.484086*** 

(131.2446) 

0.860667** 

(2.382343) 

AFL 0.300801*** 

(5.972022) 

0.782683*** 

(3.174594) 

0.296818*** 

(8.114439) 

0.668872***  

(4.061103) 

MGR 0.003344*** 

(4.315374) 

0.005839*** 

(8.582935) 

0.002983*** 

(6.392217) 

0.001482** 

(2.453232) 

EC  -0.176612  

(-1.033668) 

 0.349962 *** 

(3.460061) 

EMP  0.121369 

(0.287935) 

 1.322718***  

(5.891240) 

CPI  4.287190*** 

(12.57474) 

 -0.042620  

(-0.203813) 

WGE  -0.175762  

(-0.613287) 

 -0.666822***  

(-3.883561) 

DFI  -0.231678*** 

(-5.149204) 

 0.014981 

 (0.633998) 

SCL  1.171414* 

(1.788445) 

 2.709544*** 

(5.540523) 

HLT  0.197744*** 

(7.930242) 

 0.051225*** 

(3.928851) 
Note: t-value in parenthesis. : ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively 

 

 

  



 

 

Table 6: Causality test results based on FMOLS for air and water pollution 

 Sources of causation 

 ΔCOD ΔSO2 

 Model I Model II Model I Model II 

ΔPOP 5133.652*** 3.223447* 17225.15*** 5.675559** 

ΔAFL 35.66504*** 10.07805*** 65.84413*** 16.49256*** 

ΔMGR 18.62245*** 73.66678*** 40.86043*** 6.018350** 

ΔEC  1.068469  11.97202*** 

ΔEMP  0.082906  34.70671*** 

ΔCPI  158.1241***  0.041540 

ΔWGE  0.376120  15.08205*** 

ΔDFI  26.51430***  0.401954 

ΔSCL  3.198537*  30.69740*** 

ΔHLT  62.88874***  15.43587*** 
Note: F-value in parenthesis. : ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. 

 

 

 

 

  



 

 

Table 7: Pesaran (2004), Frees (1995) and Friedman (1937) cross sectional dependence 

tests 

Tests Pesaran Frees  Freidman  

 CD test p-value CD(Q) test p-value CD test p-value 

COD       

Model I       

RE Estimation 45.506*** 0.0000 11.864*** 0.0000 238.366*** 0.0000 

FE Estimation 44.925*** 0.0000 11.424*** 0.0000 232.556*** 0.0020 

Model II       

RE Estimation 41.938*** 0.0000 9.411*** 0.0000 202.994*** 0.0000 

FE Estimation 40.562*** 0.0000 9.166*** 0.0000 200.792*** 0.0000 

       

SO2       

Model I       

RE Estimation 22.394*** 0.0000 7.935*** 0.0000 142.503*** 0.0000 

FE Estimation 22.217*** 0.0000 7.612*** 0.0000 135.592*** 0.0000 

Model II       

RE Estimation 3.829*** 0.0001 6.017*** 0.0000 34.853 0.2094 

FE Estimation 4.920*** 0.0000 6.467*** 0.0000 37.093 0.1439 

       

Note: FE and RE denote fixed and random effect estimations. ***, **, and * indicate that the test statistics is significant at 1%, 5%, 

and 10% levels, respectively. 

 

  



 

 

Table 8: Results of mean group type estimators for air and water pollution 

Dependent 

Variables/Models 

Model I Model II 

 MG AMG CCEMG MG AMG CCEMG 

COD       

POP 11.58569** 

(2.20) 

5.3993*** 

(2.37) 

6.324531 

(1.53) 

-37.94495 

(-1.01) 

3.36473** 

(2.37) 

0.08166** 

(2.42) 

AFL 1.159713*** 

(3.74) 

0.2009253 

(1.17) 

0.2138*** 

(4.495) 

2.328358*** 

(2.78) 

-0.1305123 

(-0.26) 

0.0557873 

(2.79) 

MGR 0.006805*** 

(2.71) 

0.0040918 

(1.48) 

0.00154** 

(2.27) 

0.005878* 

(1.99) 

0.00615** 

(2.31) 

0.0027456 

(0.91) 

EC    0.5307703 

(0.68) 

-0.2787465 

(-0.52) 

0.2084415 

(0.88) 

EMP    3.244238 

(1.46) 

0.9269919 

(1.07) 

-0.0268571 

(-0.50) 

CPI    1.640571 

(1.32) 

-0.1500769 

(-0.18) 

-0.259654 

(-1.24) 

WGE    -0.2765856 

(-0.26) 

-0.1840819 

(-0.20) 

0.3516122 

(0.74) 

DFI    -0.5142734** 

(-2.26) 

-0.0737386 

(-0.98) 

-0.103237* 

(-1.93) 

SCL    0.0447944 

(0.02) 

0.1967531 

(0.11) 

0.7096199 

(1.02) 

HLT    -0.02003 

(-0.26) 

-0.1238484 

(-1.36) 

0.0381729 

(0.52) 

       

SO2       

POP -3.389596 

(-0.50) 

1.77795** 

(2.56) 

0.0671523 

(0.01) 

-7.157134 

(-1.33) 

-12.04772 

(-1.56) 

0.06492*** 

(2.76) 

AFL 0.4226817 

(1.53) 

-.0014749 

(-0.01) 

-0.3653577 

(-1.15) 

-0.3631932 

(-0.79) 

-0.7472907 

(-1.54) 

-0.1251735 

(-0.30) 

MGR 0.00587** 

(2.32) 

-.0001312 

(-0.20) 

0.00084** 

(2.55) 

0.002472* 

(1.92) 

-0.0008977 

(-0.60) 

0.00083*** 

(2.53) 

EC    0.9574695*** 

(2.75) 

1.099755 

(1.38) 

0.6217331*** 

(3.03) 

EMP    0.8168272 

(0.75) 

-0.624656 

(-0.28) 

1.204734 

(1.14) 

CPI    -0.3741563 

(-0.50) 

0.7894872 

(0.55) 

-0.331723 

(-0.65) 

WGE    -0.9418772** 

(-2.30) 

0.8624814 

(1.13) 

0.1283715 

(0.32) 

DFI    0.144716 

(1.08) 

0.1371891 

(0.66) 

0.3221425 

(1.39) 

SCL    -1.408429 

(-1.66) 

-0.9989039 

(-0.44) 

-0.0081466 

(-0.02) 

HLT    -0.0448465 

(-1.02) 

0.0163111 

(0.20) 

-0.1591775* 

(-1.88) 

       
Note: (***), (**), and (*) indicate that the test statistics is significant at 1%, 5%, and 10% levels, respectively. Z-values are in the 

parentheses. Here, Mean Group (MG) estimators are by Pesaran (1997) and Pesaran & Smith (1995), Augmented Mean Group (AMG) due 
to Bond and Eberhardt (2009), Eberhardt and Teal (2010) and Common Correlated Effects Mean Group (CCEMG) are following Pesaran 

(2006). 

 

 



Table 9: Panel causality test based on pooled mean group analyses (PMG) for air and water pollution 

Dependant 

Variable 

Sources of causation    Long Run 

 Short run (χ2)         

 Δ POP Δ AFL Δ MGR Δ EC Δ EMP Δ CPI Δ WGE Δ DFI ΔSCL ΔHLT ECT 

Dep Variable: ΔCOD          

Model I 3.35* 

(0.07) 

54.70*** 

(0.00) 

0.07 

(0.79) 

       -0.54*** 

(-12.69) 

Model II 0.08 

(0.78) 

5.74 ** 

(0.01) 

0.01 

(0.97) 

3.08* 

(0.07) 

2.51 

(0.11) 

0.48 

(0.49) 

0.31 

(0.58) 

6.07** 

(0.01) 

1.55 

(0.21) 

0.79 

(0.76) 

-0.65*** 

(-5.33) 

            

Dep Variable: ΔSO2         -0.01*** 

(-4.28) 

Model I 3.35* 

(0.06) 

54.70*** 

(0.00) 

0.07 

(0.79) 

        

Model II 0.22 

(0.64) 

2.34 

(0.13) 

0.33 

(0.56) 

3.24* 

(0.07) 

0.02 

(0.89) 

0.65 

(0.42) 

0.10 

(0.74) 

0.58 

(0.45) 

1.97 

(0.16) 

0.09 

(0.77) 

-0.07*** 

(-4.85) 

Notes: χ2 tests have been undertaken for short run analyses. In the parentheses, while z-values are provided for ETC term, p-values are presented for the short run. ECT 

indicates estimated error correction terms. The Schwarz Information Criterion (SIC) has been used to determine the optimum lag length. : (***), (**), and (*) indicate that 

the test statistic is significant at 10%, 5%, and 1% levels, respectively. p-values are in the parentheses. 



Table 10: KMS (2014) threshold nonlinear model of cross sectional dependence for air and 

water pollution 

Elasticities Model I Model II 

Dep Variable: LCOD   

βPOP 0.644*** 

(66.583) 

0.623*** 

(5.539) 

βAFL 0.381*** 

(4.614) 

0.030*** 

(3.171) 

ΒMGR 0.005*** 

(12.318) 

0.002*** 

(21.735) 

ΒEC  0.086*** 

(5.109) 

ΒEMP  -0.025 

(0.995) 

ΒCPI  0.012**  

(2.258) 

ΒWGE  -0.051*** 

(-12.610) 

ΒDFI  -0.381*** 

(-5.171) 

ΒSCL  0.104 

(1.035) 

ΒHLT  0.214 

(0.739) 

R 0.092 0.027 

Ρ -0.513*** 

(-3.184) 

-0.718*** 

(-3.912) 

Dep Variable: LSO2   

βPOP 0.300*** 

(3.140) 

0.301** 

(2.827) 

βAFL 0.092** 

(2.464) 

0.090* 

(2.301) 

ΒMGR 0.001*** 

(10.958) 

0.002*** 

(7.912) 

ΒEC  0.143*** 

(5.825) 

ΒEMP  0.203*** 

(14.336) 

ΒCPI  0.119  

(1.972) 

ΒWGE  -0.109*** 

(-3.314) 

ΒDFI  -0.005  

(-1.841) 

ΒSCL  0.165***  

(3.510) 

ΒHLT  0.004**  

(2.207) 

R 0.182 0.160 

Ρ -0.697*** 

(-5.635) 

-0.781*** 

(-3.662) 



Notes: These are the PCCE-KMS estimators proposed by Pesaran (2006) where ft = {ӯt,  t}. r and ρ are the 

threshold and the spatial autoregressive parameters.  (***), (**), and (*) indicate that the test statistics is 

significant at 1%, 5%, and 10% levels, respectively. t-values are presented in the parentheses. 

 

Table 11. Panel quantile regression results for air and water pollution 

Variables Quantiles 

 Model I Model II 

 25th 50th 75th 25th 50th 75th 

Dep Variable: LCOD       

ΔPOP 0.896*** 

(23.143) 

0.891*** 

(27.523) 

0.844*** 

(18.330) 

0.896*** 

(23.143) 

0.891*** 

(27.523) 

0.844*** 

(18.330) 

ΔAFL 0.113* 

(1.912) 

0.165*** 

(2.794) 

0.204*** 

(3.445) 

0.113* 

(1.912) 

0.165*** 

(2.794) 

0.204*** 

(3.445) 

ΔMGR 0.001** 

(2.280) 

0.001** 

(2.306) 

0.001*** 

(2.402) 

0.002** 

(2.381) 

0.001*** 

(3.662) 

0.001* 

(2.138) 

ΔEC    0.608*** 

(9.012) 

0.652*** 

(9.919) 

0.653*** 

(10.226) 

ΔEMP    0.792*** 

(17.292) 

0.813*** 

(15.756) 

0.821*** 

(14.311) 

ΔCPI    1.067* 

(1.838) 

0.886 

(1.623) 

5.880*** 

(3.908) 

ΔWGE    0.075 

(1.262) 

0.171*** 

(2.719) 

0.307*** 

(5.461) 

ΔDFI    -0.097*** 

(-2.953) 

-0.075** 

(-2.482) 

-0.056* 

(-1.956) 

ΔSCL    0.854*** 

(13.632) 

0.826*** 

(13.439) 

0.780*** 

(12.737) 

ΔHLT    0.357*** 

(6.075) 

0.467*** 

(8.363) 

0.442*** 

(7.217) 

       

Dep Variable: LSO2       

ΔPOP 0.823*** 

(11.431) 

0.748*** 

(12.637) 

0.723*** 

(11.927) 

0.823*** 

(11.431) 

0.748*** 

(12.637) 

0.723*** 

(11.927) 

ΔAFL 0.053 

(0.837) 

0.004 

(0.068) 

-0.012 

(-0.274) 

0.053 

(0.837) 

0.004 

(0.068) 

-0.012 

(-0.274) 

ΔMGR 0.001* 

(1.932) 

0.001** 

(2.381) 

0.001** 

(2.378) 

0.002** 

(2.419) 

0.001* 

(1.942) 

0.001** 

(2.375) 

ΔEC    0.440*** 

(5.589) 

0.449*** 

(5.216) 

0.472*** 

(4.822) 

ΔEMP    0.662*** 

(11.741) 

0.634*** 

(10.673) 

0.628*** 

(9.788) 

ΔCPI    3.522*** 

(3.221) 

1.184* 

(1.789) 

1.389** 

(2.571) 

ΔWGE    0.102 

(1.561) 

0.020 

(0.354) 

-0.025 

(-0.549) 

ΔDFI    -0.097*** 

(-3.167) 

-0.075*** 

(-2.632) 

-0.056** 

(-2.066) 

ΔSCL    0.705*** 

(8.092) 

0.681*** 

(9.554) 

0.644*** 

(8.256) 

ΔHLT    0.153*** 

(2.693) 

0.118** 

(2.319) 

0.075 

(1.083) 
Notes:  (***), (**), and (*) indicate that the test statistics is significant at 1%, 5%, and 10% levels, respectively. t-

values are presented in the parentheses. 

 



Table 12. Estimates of the multiple-regime models for air and water pollution 

 Model 1  Model II  

 Regime 1 Regime 2 Regime 1 Regime 2 

Dep Variable: LCOD     

ΔPOP -0.126292  

(-0.170617) 

0.243381** 

(2.210322) 

0.557962* 

(1.943844) 

0.625937** 

(2.492067) 

ΔAFL 0.510620*** 

(5.064251) 

0.088081** 

(2.794) 

1.134000*** 

(3.149721) 

0.351277 

(0.881684) 

ΔMGR 8.45E-05***  

(2.757368) 

0.000111***  

(3.35165) 

9.48E-05*  

(1.848921) 

0.000116**  

(2.362744) 

ΔEC   0.325648*** 

(2.797998) 

0.114099* 

(1.866855) 

ΔEMP   0.277013** 

(1.711270) 

0.254333***  

(2.362429) 

ΔCPI   1.989974*** 

(2.982516) 

-0.094095  

(-0.107672) 

ΔWGE   0.008267 

(0.155221) 

-0.028619  

(-0.653527) 

ΔDFI   -1.033827*** 

(-2.875703) 

-0.289658 

(-0.787595) 

ΔSCL   -0.342790 

(-0.430583) 

0.372727 

(0.473758) 

ΔHLT   0.031295*** 

(2.595099) 

0.016749**  

(2.510002) 

     

Dep Variable: LSO2     

ΔPOP -0.516413  

(-0.903563) 

0.528971*** 

(4.888647) 

0.459967*  

(1.660288) 

1.002971** 

(2.024660) 

ΔAFL -0.126676  

(-1.627145) 

0.335366 

(0.375345) 

-0.765392  

(-1.147777) 

1.265318 

(4.127242) 

ΔMGR 7.05E-05***  

(3.817701) 

8.44E-05***  

(2.346641) 

9.01E-05* 

(1.749128) 

0.000156*** 

(2.632016) 

ΔEC   0.480751*** 

(2.530987) 

0.333034* 

(1.770865) 

ΔEMP   0.294309* 

(1.810481) 

-0.222578  

(-0.412192) 

ΔCPI   -0.882888* 

(-1.719645) 

0.808763 

(1.202698) 

ΔWGE   0.007587 

(0.185115) 

-0.093893*** 

(-2.786407) 

ΔDFI   0.108090  

(0.390733) 

-0.987069*** 

(-3.487894) 

ΔSCL   -0.564344  

(-0.921235) 

-0.512582 

(-0.846695) 

ΔHLT   0.062197*** 

(2.537002) 

0.020108*  

(1.795688) 

Notes:  (***), (**), and (*) indicate that the test statistics is significant at 1%, 

5%, and 10% levels, respectively. t-values are presented in the parentheses. 

 

 

 

 



Appendix Table A1  

Summary Statistics 

  
 Mean Std. Dev. Minimum Maximum 

Chemical Oxygen Demand (COD) 52.52579 36.66987 3.2 198.2 

Sulfur Dioxide (SO2) 73.14528 44.74529 2 200.3 

Population (POP) 4333.454 2613.175 517 10644 

Real Per Capita Provincial Product (AFL) 0.0227543 0.0187306 0.0005419 0.0958941 

Internal Migration (MGR) 19.81367 476.2071 -1534.21 3644 

Energy Consumption (EC) 9770.018 7018.763 479.29 31170.36 

Total Employment (EMP) 2369.781 1581.434 238.57 6580.4 

Consumer Price Index (CPI) 102.3583 2.299622 96.7 110.1 

Average Wage Level (WGE) 25860.9 15485.4 6918 93997 

Direct Foreign Investment (DFI) 420235.4 590144 1534 3575956 

Full-Time Teachers (SCL)   18.80545 11.286 2.59 49.69 

Health Institutions (HLT) 17668.15 16945.61 1261 81403 

Note: Units for COD, SO2, POP, AFL, MGR, EC, EMP, CPI, WGE, DFI, SCL and HLT are  10 000 tons, units, 

10000 persons, 100 million yuan per 10000 persons, units, 10000 persons, 10 000 tons of SCE, 10000 persons, 

percentage, yuan, USD 10000, 10000 persons, and number of health institutions, respectively. 

 

  



 

Appendix Table A2  

 

Pedroni (2001) type (Johansen Based) Panel Cointegration Tests  

Independent Variable/Models COD SO2 

Model I   

Panel v-Statistic -3.401352  

Panel rho-Statistic 4.081965  

Panel PP-Statistic -11.49410***  

Panel ADF-Statistic -4.545215***  

Group rho-Statistic 6.483409  

Group PP-Statistic -16.40892***  

Group ADF-Statistic -4.482573***  

Model II   

Panel v-Statistic -4.281000  

Panel rho-Statistic 5.830199  

Panel PP-Statistic -13.64742***  

Panel ADF-Statistic -4.579816***  

Group rho-Statistic 8.069059  

Group PP-Statistic -18.47887***  

Group ADF-Statistic -4.209915***  

   

Model I   

Panel v-Statistic  -1.571071 

Panel rho-Statistic  3.175225 

Panel PP-Statistic  -10.07966*** 

Panel ADF-Statistic  -1.990037** 

Group rho-Statistic  6.679287*** 

Group PP-Statistic  -3.955758*** 

Group ADF-Statistic  -1.445899* 

Model 2   

Panel v-Statistic  -4.534280 

Panel rho-Statistic  3.805522 

Panel PP-Statistic  -18.17145*** 

Panel ADF-Statistic  -4.137758*** 

Group rho-Statistic  7.597499*** 

Group PP-Statistic  -10.51356*** 

Group ADF-Statistic  -4.389562*** 
Notes: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. 

 

  



 

Appendix Table A3  

Westerlund (2007) cointegration test 
Statistic Value p-value 

Dependent Variable LCOD   

Model I   

Group-t -3.604*** 0.000 

Group-a -9.916** 0.028 

Panel-t -12.208* 0.055 

Panel-a -7.858*** 0.000 

Model II   

Group-t -3.482*** 0.000 

Group-a -2.229 1.000 

Panel-t -13.343* 0.000 

Panel-a -4.403*** 0.057 

Dependent Variable LSO2   

Model I    

Group-t -3.775**** 0.081 

Group-a -3.439 1.000 

Panel-t -9.235*** 0.000 

Panel-a -16.824*** 0.000 

Model II   

Group-t -3.451*** 0.000 

Group-a -4.482*** 0.000 

Panel-t -15.226*** 0.000 

Panel-a -3.425*** 0.007 

Notes: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Following Westerlund (2007), 

the maximum lag length is selected according to 4(T/100)2/9. The null hypothesis denotes ‘no cointegration’. The AIC criterion 

is used to determine the optimum lag length. 

 

 

 




