
 

 

 

The Dirty Legacy of China’s Productivity Growth: Evidence from the “Two Control Zones” Policy 

Ying Chena   Wenjie Wub*   Yanwen Yunb 

 

 

 

Abstract 

This study explored the regulatory effect of sulphur dioxide (SO2) emission on industrial firm 

productivity in the context of China’s “Two Control Zones” policy implemented in 1998. We compiled 

a large panel of geolocated industrial firms, detailed county-level characteristics, and a rich set of 

geospatial information derived from satellite data for the analysis. Our identification strategy makes 

use of two different instrumental variables with the first-differencing setup to improve the 

comparability of growth trends between the regulated and non-regulated locations. Results showed 

that pollution regulation lowered the growth rate of firm-level productivity by 2.6% annually. Further 

combining firm-level emission and trade data, we find that the implemented practice in curbing SO2 

emissions and firm adjustments in product mix were mechanisms through which additional costs were 

imposed upon regulated firms. 

 

Keywords: Environmental regulation, firm performance, China 

JEL codes: R11, Q53, P25

 
a The Wang Yanan Institute for Studies in Economics (WISE) and the School of Economics, Xiamen University. E-

mail: ychen@xmu.edu.cn. 
b College of Economics, Jinan University. E-mail: yanweny520@yeah.net 
* Corresponding author. E-mail: wenjiewu@jnu.edu.cn.  

mailto:ychen@xmu.edu.cn
mailto:yanweny520@yeah.net
mailto:wenjiewu@jnu.edu.cn


 

1 
 

1 Introduction 

A substantial share of economic costs induced by environmental regulations is unevenly borne by 

industries across places (Fan et al., 2019; Greenstone et al., 2012). In the spatial context, environmental 

regulations are not always a panacea for growth, especially in cases in which industries located in 

affected regions cannot fully gain productivity benefits from aggregate cleaner air by reducing 

pollutant emissions or altering the product mix (Chen et al., 2018; Elrod & Malik, 2017). Evidence 

from developed countries points to the neoclassical mechanism by which such regulations force firms 

to adopt emission-efficient production technologies, thus increasing their production costs (Greenstone 

et al., 2012; Hansman et al., 2019; Harstad et al., 2019). The theoretical underpinnings of pursued 

mechanisms are supported by evidence concerning the economic effects of the U.S. Clean Air Act, 

suggesting that the Act reduces firm value-added output and total factor productivity (TFP) (Becker & 

Henderson, 2000; Greenstone et al., 2012). As a response to growth concerns over the lagging 

industrial productivity, public efforts from the developing world have implemented key pollutant (e.g. 

SO2) emission area regulatory programmes to fight the trade-off between growth and “blue skies” 

(Kahn & Zheng, 2016). Despite intense public debate, direct evidence on whether the implementation 

of China’s early air pollution regulations causally decreases industrial productivity is rare. The absence 

of such evidence undermines the reliability of the nationwide estimates offered for the development of 

optimal environmental regulation policies. 

This study exploits the first national air pollution regulation programme implemented by the 

Chinese government in 1998 to study the effects of pollution regulations on industrial productivity. 

Known as China’s Two Control Zone (TCZ) Policy,1 the programme has been implemented with the 

explicit aim of reducing SO2 emissions in targeted areas. This explicit aim is critical in China because 

the geographic disparities in the distribution of pollutants are pronounced (e.g. Chen et al. (2018)). The 

programme has been impressive concerning its regulatory scale. The TCZ policy spatially designated 

pollution controls for 11.4% of the nation’s land area and 40.6% of its population, which accounted 

for 62.4% of China’s gross domestic product and 58.9% of its total SO2 emissions (Hao et al., 2001). 

 
1 The State Council implemented the TCZ policy in accordance with an official statement: “The Official Reply of 

the State Council Concerning Acid Rain Control Areas and SO2 Pollution Control Areas”. 
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The TCZ policy provides a typical scenario in which a substantial proportion of the nation’s counties 

is treated differently as by-products of the pollution regulation process (Cai et al., 2016; Hering & 

Poncet, 2014; Tanaka, 2015).  

Evaluating place-based programmes is complicated by the spatial non-randomness of treatment 

(Neumark & Simpson, 2015). Differences in regulatory status may reflect the endogenous productivity 

levels of local industries (Chay & Greenstone, 2003). We try our best to tackle this challenge by 

applying two instrumental variables (IV) that exploit plausibly exogenous variations from distinct 

sources. The first IV is based on the functional form of the synthesised suitability index for hosting 

thermal power plants—the largest contributor to SO2 emissions at the county level—to mitigate the 

endogenous spatial distribution of the county’s treatment status. Notably, the identification relies on 

the nonlinear functional form of this index rather than its constituting characteristics. With detailed 

location information, we further confirmed that our results were not driven by the potential collocation 

of heavy SO2 pollutants around the power-plant-hosting counties. The second IV follows the work of 

Hanna & Oliva (2015) and Khanna et al. (2021) with the application of the thermal inversion measures 

to capture the locational likelihood of trapping pollutants. We further check our baseline findings under 

the DID specifications following (Khanna et al., 2021; Tanaka et al., 2014). Lastly, we compile a 

nation-wide panel of industrial firms over the decade following the TCZ implementation. By limiting 

the analysis to surviving firms, we account for unobserved time-invariant firm characteristics and 

endogenous firm location choices. 

Our baseline results suggest that the TCZ policy leads to an annual reduction of 2.6% in the 

growth of value-added output among surviving industrial firms in the treatment-zone counties 

compared with firms in the non-treated counties during the decade following the implementation of 

the regulation. Further linking the baseline firm-panel data to the emission and customs databases, we 

showed that the regulated firms have been reducing their emissions of the targeted pollutants 

substantially and adjusting their product mix. The implemented SO2 reduction measures and the 

product-switching response of firms in the TCZ counties have contributed to their slower growth by 

imposing additional costs. Our findings are robust to the presence of spillovers, a large set of sensitivity 
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checks, and alternative identification strategies. However, the identified effects did not account for 

potential firm exits and entries caused by the TCZ policy, and our findings on the adverse regulatory 

effect of the policy established only the lower bound of its effect.2 This lower-bound estimation is 

meaningful, as even surviving firms sustain a negative productivity shock. 

This study makes two primary contributions. First, we provide new evidence that China’s first air 

pollution regulation in fact negative affected firm productivity growth. While certain empirical studies 

addressed China’s water pollution regulations on local labour demand (Liu et al., 2017, 2021) and firm 

performance (Chen et al., 2018; Fan et al., 2019; He et al., 2020), few studies have directly examined 

the impact of this SO2 pollution regulations on productivity. Previous comparable studies found that 

the TCZ policy only affects the exporting firms Hering and Poncet (2014) and city-level foreign direct 

investment Cai et al. (2016). Our findings show that the regulatory effects are more general that it 

imposes adverse productivity growth effect on both domestic firms and those that engage in 

international trade. This highlighted that the costs associated with environmental regulation have a 

wider scope than previously identified. 

Second, we provide some insight into the mechanisms through which firm productivity growth 

has been affected by the TCZ policy by compiling firm-level panel data across three national databases. 

Previous literature evaluating the economic impacts of environmental regulations in China and other 

developing countries has offered little guidance on how pollutant emissions of industrial firms change 

before and after the regulation. We showed that the TCZ policy was effective in reducing emissions of 

regulated pollutants by linking our baseline firm-panel data to firm-level emission data. This analysis 

has key policy relevance, as it provides insight into the extent to which firms’ pollution emissions 

migrate in response to environmental regulations in China. To further substantiate our assessment, we 

used firm-level product type data to recover the underlying product-based mechanisms of the observed 

effects on productivity (Elrod & Malik, 2017). We revealed that regulations have significant effects on 

shifting firms’ product mix and with an inclination towards cleaner products in regulated counties 

relative to non-regulated counties. While some of the estimates had limited statistical power, these 

 
2 This being said, we observed only a few cases of firm relocation (less than 1%) in our sample of surviving firms 

during this decade. The baseline estimates remained robust when relocated firms were excluded. 
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additional findings enrich theoretically motivated debates in the environmental regulation literature 

(Baldursson & von der Fehr, 2007; Cai et al., 2016; Fan et al., 2019; Hansman et al., 2019; Newbery, 

2008) and clarify the importance of unintended consequences when evaluating pollution regulation 

policies in fast-industrialising and developing countries. 

The remainder of this paper is organised as follows. Section 2 reviews relevant previous evidence 

and the institutional background, Section 3 introduces the dataset used in this study, Section 4 presents 

our research methodology, Section 5 discusses the results, and Section 6 concludes the paper.  

2 Previous evidence and background 

2.1 Previous evidence 

Productivity serves as a direct way to track the costs and benefits of industrial activity, and 

environmental regulations are closely linked to productivity through several underlying theoretical 

channels. At the industrial firm level, more stringent environmental regulations reduce the demand for 

output owing to rising production costs by installing pollution abatement equipment and altering the 

production process to generate fewer pollutant emissions. Many studies have investigated the causal 

effects of air pollution regulations on industrial activities. Most of these are concerned with the 

variation in environmental regulation designations associated with decreases in employment (Liu et 

al., 2021), investment (Fan et al., 2019), and other specific outcomes in the manufacturing or other 

industrial sectors (Greenstone et al., 2012).  

Few studies have examined the association between environmental regulations and the spatial 

distribution of productivity in the industrial sector in the developing world. Notable examples exploit 

productivity effects in the context of air pollution regulations in developed countries. Studies on similar 

policies in developing countries, however, have more restrictive findings in comparison. In the case of 

China, Hering and Poncet (2014) and  Cai et al. (2016)  studied the economic effects of the TCZ policy. 

They found that cities with stricter (vs. looser) regulations had reduced levels of foreign direct 

investment and reduced output by exporting firms. However, they also found that the policy had little 

to no effect on the performance of domestic firms. Our study conducted a complementary analysis by 

examining all domestic industrial firms and investigating the output effects of the TCZ policy. In 
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particularly, we arrived at finer spatial accuracy in measuring the variation of the regulation 

designation by collecting comprehensive county-level data.3 

Environmental regulations in China have long been argued to be ineffective in reducing pollutant 

emissions (Alford, 1997). Therefore, our focus on productivity corresponds to analysing the efficiency 

changes of industrial activities following such a policy in a large developing country context. In 

addition, we examined whether industrial firms have reduced SO2 emissions or adjusted their product 

mix in response to the regulation. The linkage between productivity and emissions is discussed in the 

next section concerning its institutional context. The association between emissions, product mix, and 

productivity is related to another strand of the literature. In his influential work, Levinson (2009) 

established the role of changes in the composition of U.S. manufacturing industries in reducing 

emissions. Elrod and Malik (2017) further showed that U.S. plants responded to environmental 

abatement through changes in product mix. This type of firm response to environmental abatement is 

an alternative channel through which such regulations impose costs. This potential mechanism has 

rarely been examined for firms in developing countries, except for Lipscomb (2008). With industry-

level emission levels and state-level regulation measures, Lipscomb found that the product-mix 

decisions of Indian firms were influenced by the enforcement of environmental regulations. In this 

study, we add evidence from China to the literature by examining firms matched across three major 

databases. 

Our study also relates to the strand of literature that tackles the fundamental identification 

challenge in the endogeneity of environmental regulation designations. A conventional approach is to 

explore three-dimensional variations in a triple differencing setup (Cai et al., 2016; Chen et al., 2018; 

Fan et al., 2019; Liu et al., 2017) related to the programme treatment status (affected versus unaffected 

areas), timing (e.g. before and after the policy implementation), and industry sectors (e.g. polluting 

industries versus non-polluting industries). This methodology relies heavily on the assumption that 

regulated firms in the regulated versus non-regulated sectors in the treatment and control areas follow 

an otherwise parallel trend. Evidence supporting the validity of this assumption has been limited in 

 
3 Counties are smaller geographic administrative units than cities/prefectures in China. The average prefecture is 

composed of 10 counties. 
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TCZ-related research owing to the lack of pre-treatment data (Tanaka et al., 2014).4 After collecting 

the pre-treatment characteristics of counties, we found that the parallel-trend assumption between the 

regulated and non-regulated counties was not supported. On the other hand, when the regulatory status 

is closely linked to the existing pollution levels, instrumental variables such as the thermal inversion 

and wind direction measures have been applied (Fu et al., 2021). These established IVs for air pollution 

(and regulatory status) exploit the spatial distributive mechanisms of existing pollutants.  

Methodologically, we exploited SO2 emission sources to propose an instrument variable strategy 

based on an engineering approach to construct coal-fired power-plant suitability across locations. This 

strategy can provide a useful empirical tool in addition to the existing DID and IV estimators in the 

evaluation of environmental regulations whose designation is based on targeting subsets of regions 

with initially high SO2 emission levels. This IV exploits the plausible exogeneous spatial variation in 

which pollutants are emitted, rather than that of their spatial distribution by local climatological 

features. Our findings via this novel instrumental variable approach are supported by the 

aforementioned conventional identification strategies that exploit different sources of variation.  

2.2 China’s TCZ policy background 

 As a revision to China’s Air Pollution Prevention and Control Law made during the Ninth Five-

Year Plan (1996–2000), the TCZ policy was implemented in 1998 with the aim of achieving high air-

quality standards for all of China by regulating SO2 emissions. SO2 pollution was the most severe 

environmental challenge faced by China at the time. China’s annual national SO2 emissions, which 

have averaged 20 million tonnes since the early 1990s, contributed one-quarter of the total global 

emissions and more than 90% of East Asia’s emissions (Lu et al., 2010). As the major by-product of 

burning fossil fuels, such as coal in power plants and industrial facilities, SO2 is harmful to the human 

respiratory system, especially at high concentrations in the air (Anderson, 2020; Tanaka, 2015). SO2 

is also a primary precursor of acid rain, which damages agricultural land, buildings, and ecosystems. 

When interacting with other compounds in the atmosphere, SO2 contributes to the formation of haze 

and particulate matter (US Environmental Protection Agency, 2017a, 2017b).  

 
4 Other methods such as the spatial regression discontinuity designs have been used to study the firm productivity 

effect of water regulation (He et al., 2020). 
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The TCZ policy marked China’s first serious attempt to address environmental concerns (Gao et 

al., 2009). The policy’s name was coined to describe its strategy of targeting two types of zones: parts 

of the country that produced high levels of SO2 and the areas with severe acid rain pollution, which 

jointly included 175 prefectures. The enforcement of the State Council-approved practices involved 

the following: 1) limiting the use of high-sulphur coal; 2) installing desulphurisation facilities, 

upgrading boilers and kilns and treating effluent gas in high-coal-usage plants; 3) shutting down low-

efficiency coal users and restricting new construction of thermal power plants; and 4) levying emission 

charges on extremely heavy polluters (Gao et al., 2009). 

Based on the above-described policy enforcement instruments, we conceptualised the TCZ policy 

implementation that started in 1998 as a productivity shock to regulated counties and firms 

(particularly heavy coal users). The World Bank (2003) showed that low-sulphur coal is twice as 

expensive as high-sulphur coal. Evidence on the effects of the U.S. Clean Air Act also indicated that 

upgrading equipment and treating pollutants tend to increase a firm’s average costs by 17% (Becker & 

Henderson, 2000). Therefore, in our baseline specification, we measured the spatial variations in 

regulation according to each county’s TCZ status. Additionally, we conceptualised regulation intensity 

as the interaction of TCZ status and local ambient SO2 levels in 1998. We do this with the assumption 

that more stringent regulations are needed for more polluted counties to achieve high air quality. 

3 Data 

We compiled a comprehensive dataset from several sources to perform our empirical analysis at 

the firm level and across China’s geography between 1998 and 2007. The summary statistics of the 

variables at both the firm and county levels are presented in Table 1. 

Our firm-level data come from the annual surveys of industrial firms (ASIF) conducted between 

1998 and 2007, which are provided by China’s National Bureau of Statistics (NBS). This dataset 

includes all state-owned enterprises (SOEs) and non-SOEs whose annual sales exceed five million 

CNY (this amounts to 605,000 USD, according to exchange rate of 8.27 RMB per USD between 

January 1997 and July 2005). These firms account for approximately 90% of China’s total industrial 

output (Brandt et al., 2012). The NBS dataset contains rich firm-level information, such as each firm’s 
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location, accounting variables, and firm characteristics. We computed the growth in firm value added 

(output minus input) as a measure of firm productivity growth, following Chen et al. (2017) and Fu et 

al. (2021). 

We matched unique firms by using the matching algorithm provided by Brandt et al. (2012), 

which allowed us to obtain a balanced panel of firms that survived from 1998 to 2007 for our baseline 

analyses. Both the industry codes and geographic locations of these firms were standardised to ensure 

matching accuracy. Next, we followed the conservative criteria set out by Cai and Liu (2009) and 

dropped outliers that had the following characteristics: 1) negative, missing, or zero values regarding 

total assets, fixed assets, outputs, inputs, sales, or employment; 2) abnormal operating status; 3) 

employee workforce size of less than eight; 4) abnormal accounting values (e.g. accumulated 

depreciation being less than current depreciation); and 5) reported sales of less than five million CNY. 

It was possible that conditions 3 and 5 eliminated small firms that could otherwise provide useful 

information. However, the results remained robust when we relaxed these two conditions. The final 

firm data included 40,031 unique firms that survived from 1998 to 2007. Geographically, these firms 

were located across 2,004 counties. 

A substantial portion of our data came from satellites. We relied on satellite images from the 

National Aeronautics and Space Administration (NASA) to derive county-level annual averages of 

SO2 density, precipitation, temperature, and wind speed. The spatial distribution of energy sources and 

geographic or ecological characteristics were sourced from the United States Geological Survey and 

the WorldMap library, which is hosted at Harvard University. Table A1 lists the detailed geographical 

information sources for reference. As a key component of our identification strategy, we also collected 

information on power plants from the non-profit coal monitoring website SourceWatch Coal Issues5. 

The power plant locations are geolocated according to their official addresses and checked against 

Google Map Satellite images. Additionally, we collected data on the operating type, capacity, and year 

of initiation for all power plants. Figure 1a shows the spatial distributions of both SO2 densities and 

thermal power plant locations in 1998. 

 
5 https://www.sourcewatch.org/index.php/Category:Coal_Issues 

https://www.sourcewatch.org/index.php/Category:Coal_Issues
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For the county-level infrastructure measures, we used the road, highway, and rail network maps, 

as digitised and shared by Baum-Snow et al. (2017). We processed this information in the spatial 

analytics software ArcGIS to compute two measures of the county-level infrastructure indexes, which 

give similar estimates when included singly or jointly. The first measure was a direct summary of the 

number of unique roads, highways, and railway lines in each county. This index measures the 

connectivity of each county to its surrounding areas. For the second index, we first generated 100 

random points within each county and computed the county mean of the distances between each point 

and its nearest transportation infrastructure. This second index conceptually measured connectivity 

related to economic activities, both within and across counties. 

To complete the baseline dataset, we collected additional county-level variables from the Bureau 

of Statistics and official documents from the following sources. The socioeconomic records from the 

1982, 1990, 2000, and 2010 censuses allowed us to compute county-level population and employment 

by sector and education level. These variables were included as covariates. We defined the TCZ based 

on the official State Council document issued in 1998, and we defined water-polluting firms according 

to the standards published in the 2008 China Statistical Year Book. 

Furthermore, we linked our baseline sample to two additional firm-level datasets to examine the 

potential mechanisms through which the TCZ policy affects firm productivity growth. The first was 

the Annual Environmental Survey of Polluting Firms (AESPF) of China, assembled by the Ministry 

of Ecology and Environment. For every year and county, top firms that cumulatively account for 85% 

of the total pollutants are recorded in this database. The information collected includes the emission 

levels of the main pollutants, such as SO2, NOX, NH3, COD, smoke, and dust (Fan et al., 2019). Given 

the general matching rate of 10% between the AESPF and the industrial survey data (He et al., 2020), 

our processing resulted in 4,439 effective firms that exist in both databases and 1998 and 2007. This 

subsample of firms was distributed across 52% of our baseline county sample (474 TCZ counties and 

563 non-TCZ counties), allowing us to test the effect of the TCZ policy on the growth of firm emissions. 

Second, we obtained product-level information for firms that engage in international trade by 

linking our baseline sample to customs records from China’s customs database (CUST). The complete 
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transaction record of all trades allowed us to test whether the TCZ policy affected the basket of goods 

produced by importing and exporting firms. We improve upon the matching procedure of Yu (2015) 

by allowing for greater flexibility.6 The product identifier, Harmonised System Code at the six-digit 

level, was converted to the 1996 standard for consistent comparison over the sample period.7 Out of 

18,727 and 41,265 CUST firms, we obtained 7,568 identical firms that match our baseline sample. 

They were distributed across 33% of our baseline counties (379 in the TCZ counties and 275 in the 

non-TCZ counties). 

4 Research design 

We start with a first-differencing specification for relating the TCZ policy to the growth in 

productivity of local firms: 

                                              (1) 

where i denotes a firm, and c denotes a county.  is the change in the productivity of firm i (the 

difference in the natural log of value added) between 1998 and 2007, located in county c, which denotes 

the firm’s growth in productivity since the implementation of environmental regulation.  is our 

variable of interest for measuring the treatment of emissions regulation, which takes the value of 1 if 

firm i is located in a treatment-zone county, and 0 otherwise. To complement the binary nature of this 

treatment status variable, a measure of treatment intensity was constructed as the product of the TCZ 

status and contemporaneous SO2 density. This definition followed that more stringent regulations are 

required in heavily polluted counties for all locations to reach the air quality standard stipulated by the 

TCZ policy. This measure is zero for non-TCZ counties because they are not subject to regulation. 

Both firm- and county-level covariates were of concern in this regression specification.  is a 

vector of firm-level characteristics, such as capital stock and the number of workers, and  captures 

any changes in production inputs that directly affect firm growth in productivity.8  is the vector of 

county-level characteristics, which includes transportation infrastructure, share of agricultural 

 
6 We matched firms between the two sources by the keywords in firm names, postcodes, and phone numbers. This 

flexibility allowed for identifying identical firms when, for example, one contains “Ltd” and the other one does not 

in their records. 
7 The correspondence table is available on UN Trade Statistics: 

https://unstats.un.org/unsd/trade/classifications/correspondence-tables.asp. 
8 This firm-level formulation to derive TFP follows that of Chen et al. (2017) and Fu et al. (2021). 

https://unstats.un.org/unsd/trade/classifications/correspondence-tables.asp
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employment, share of population with high school or higher education, and weather covariates 

(temperatures, wind features, and precipitation levels). Thus, the vector of   controls for any 

contemporaneous changes in county-level observable differences that may contribute to changes in 

firm productivity. To address the concern that the error term  may be correlated across firms located 

in the same county, we clustered the standard errors at the county level. 

The above-described specification accounts for the observed firm and county differences and the 

differences in time-invariant unobserved characteristics at the firm and county levels. However, the 

first-difference estimator  can still be susceptible to omitted variable bias because of unobserved 

time-varying factors that may differ between regulated and non-regulated counties. The identifying 

assumption, which is common to studies on the TCZ policy, was based on the parallel-trend assumption. 

As data on geography that are finer than the prefecture level9 are difficult to collect, previous studies 

do not explicitly test for differences in the trends between the regulated and the non-regulated counties 

from prior to the regulation. 

To complement the literature to the best of our ability, we collected 1982 and 1990 population 

census data at the county level. We then constructed a panel of firms between 1996 and 1998, which 

comprised the most detailed data available for this period. Owing to the difficulties of data collection, 

our information was limited to the growth in population, population densities, the populations of local 

hukou holders, and populations that acquired at least a high school education between 1982 and 1990. 

This set of county variables covered only 1,838 counties (out of 2,004 counties in our main sample). 

Similarly, the sample of firms had magnitudes smaller than that of our baseline regression, and it only 

returned to 1996. We matched almost 6,000 identical firms located in over half of the counties in our 

main sample. 

Using this data, we checked for a balance between the regulated and non-regulated counties and 

their firms by running Equation (1) specification on pre-treatment outcomes. As presented in Panel A 

of Table 3, the assumption of a parallel trend between the regulated and non-regulated counties under 

the DID setting does not hold for various economic characteristics at the county and firm levels. 

 
9 In China, prefectures are comprised of various counties. 
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Regulated counties appear to have rising growth trends concerning their overall economies and highly 

educated populations. The significant differences in city size and human capital endowment are 

important to consider because internal migration was strictly curtailed during this period. The firm-

level results also confirmed the underlying bias in the measures of pre-treatment growth in firm size 

and revenue from sales, which suggests that firms in the regulated counties were already on a declining 

trend prior to the regulation. These pre-treatment patterns call for a further step in mitigating bias, 

especially when no pre-treatment data are available. We addressed this concern using a novel IV 

approach. 

4.1 Power plant suitability as an IV 

Similar to Chen (2020), our baseline research design uses the power plant suitability index as an 

instrument for the TCZ policy in addition to the above-described first-differencing setting. The 

measure of suitability is based on the engineering literature, and it indicates the suitability of a given 

location for hosting a thermal power plant, subject to construction cost, safety, and feasibility 

considerations (Barda et al., 1990; Choudhary & Shankar, 2012; Pohekar & Ramachandran, 2004). 

This IV works well in the Chinese context based on several useful attributes of coal-fired power 

plants. Whether a county hosts a coal-fired power plant is of direct relevance to its local levels of SO2 

pollution and its propensity to be designated as a regulated county. Coal-fired power plants play a 

paramount role in energy generation and coal consumption in China. Until recently, over 70% of 

China’s electricity production was from coal-fired sources, according to the International Energy 

Agency.10  From 2000 to 2007, coal-fired power plants had a consistent coal consumption level of 

approximately 50%. Industrial production accounted for another 40% of coal consumption, and the 

rest were used for domestic purposes or transportation (Lu et al., 2010). As the main contributors to 

SO2 emissions, coal-fired power plants directly affect the SO2 pollution levels of their host counties. 

Importantly, locations that host coal-fired power plants have little influence on their local 

electricity prices. The power generation and supply networks are managed by separate state 

departments in China. Electricity produced locally is usually distributed centrally by regional offices. 

 
10 Data sources: https://www.iea.org/ 

https://www.iea.org/
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Therefore, firms do not have an incentive to locate near thermal power plants to access cheap electricity. 

Furthermore, we provide evidence in Section 5.2 to show that other heavy coal-using factories do not 

co-locate with thermal power plants. However, actual power plant locations can still be driven by 

political favouritism, which can also influence local productivity. A coal-fired power plant may be 

strategically placed to boost local employment and favour a local politician for their future career or 

for the sake of nepotism. The sample’s counties and their incumbent firms can both be affected by 

unobserved factors. Therefore, we consulted the engineering literature to construct an index of coal-

fired power plant suitability that measures each location’s likelihood of hosting such power plants. We 

argue that specific considerations from an engineering perspective are orthogonal to other 

unobservables correlated with local SO2 levels and firm productivity. 

4.2 Construction of the IV 

The problem of measuring a location’s suitability for hosting power plants is well researched in 

the engineering literature (Barda et al., 1990; Choudhary & Shankar, 2012; Pohekar & Ramachandran, 

2004) and is widely applied in practice (e.g. the state of Wisconsin has its own Common Power Plant 

Siting Criteria, as set by its Public Service Commission). The literature and practical guidelines 

generally agree on the factors to be considered in a suitability measure, such as topography, land use, 

water bodies, and fuel supplies. The transformation of these factors into a suitability index follows a 

general form: 

                                                                (2) 

where suitability for hosting a thermal power plant at location j is computed as the weighted sum of 

the re-scaled value of factor k. Both the scaling function f and the weights w are factor-specific. 

The exact formula we apply comes from an Iranian government-commissioned site selection 

project by Zoej et al. (2005). Appendix Table A1 lists the detailed weights of each factor and their 

rescaling categories. For example, distance to a small river is a contributing factor (with a weight of 

0.07) to the location’s suitability for hosting a thermal power plant because a plant needs water for 

cooling. However, being too close to a water source brings higher risks of flooding or soil instability. 

This consideration is translated into a nonlinear reclassification of the Euclidean distances to water 
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sources. When a location is extremely near (between 0 and 0.5 km) or extremely far (more than 20 km) 

from a water source, it is given a reclassified score of 10. The perfect distance is 0.5 to 10 km away, 

which is twice as good as 10 to 20 km away. After transforming the Euclidean distances into their 

corresponding scores, the total contribution of distance to small rivers in the suitability index of the 

given location is 0.07 times its reclassified value. Therefore, this suitability index is an aggregate of 

all information. The index stipulates how suitable a location is for building coal-fired power plants and 

how costly it would be from an engineering perspective. 

To compute this suitability index for locations across China, we collected the best available 

remote-sensing data for all the factors listed in Appendix Table A1. Appendix Table A2 details the 

sources and information on the data used. As the suitability index is a weighted aggregate of all layers 

of satellite data, the spatial resolution of the final product is that of the coarsest layer, which is 0.08◦ × 

0.08◦ in this case. The suitability index was computed for every 9 × 9 km2 area of China. Figure 1b 

maps the spatial distribution of the suitability index across China on a grey scale with county 

boundaries. A darker colour indicates a higher suitability for hosting coal-fired power plants. 

Additionally, the map shows the actual locations of the coal-fired power plants that were built in 1998. 

Visually, there is a clear overlapping spatial pattern between power plant suitability and the actual 

locations of the plants. 

4.3 Identifying assumptions and supporting evidence 

The link between this suitability index and local regulation intensity was established through its 

prediction of potential coal-fired power plant locations, rather than the actual power plant locations. 

Coal-fired power plants have been the largest contributors to SO2 emissions in China throughout the 

study period. As the analysis was conducted at the county level, we computed the county-level mean 

of suitability as the instrument. The rationale was that although the suitability of an individual parcel 

of land (a pixel of geographic area in our data) might have been difficult for engineers and planners to 

detect in the 1990s, the general county-level comparison concerning average suitability would have 

been more readily available. The first-stage results are presented in Table 2.11 

 
11 In the Appendix, we explain the various linkages underlying the first-stage predictability in further details. 
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As the suitability index captures a location’s probability, rather than actuality, of hosting coal-

fired power plants, the index is more likely to meet the exclusion restriction than the actual power plant 

locations. The source of the argued exogenous variation is that not all counties with high probably of 

hosting power plants end up hosting one. In addition, another threat to the exclusion restriction is that 

the factors that constitute this suitability measure may have direct effects on the local economy. We 

used two methods to mitigate this concern. First, our specification considers contemporaneous changes 

in the dependent and control variables, thereby accounting for time-invariant unobservables in the first-

differencing setup. Nonetheless, geography may affect the development of economic activities and the 

environment through unobserved channels. Therefore, we include all the factors that constitute this 

index and consider them linearly in the regression. In effect, we rely on the assumption that the set of 

weights and rescaling functions used in the construction of our IV are purely based on engineering 

concerns that are orthogonal to any other determinants of firms’ growth in productivity. The scaling 

functions  and weights  are borrowed from the literature based in Iran (Zoej et al., 2005) rather 

than from those based in China. Our motive in choosing this source for our scaling functions is to 

avoid any unobserved contextual characteristics that may induce bias. Finally, we compute an 

alternative suitability index by excluding the more economic factors such as distances to traffic 

networks and distance to nearby large river. The suitability index based on the less economic factors 

give results similar to our baseline. 

Nonetheless, another lingering threat to the exogeneity of this IV is that the factors making a 

location suitable for thermal power plants may also make it attractive to other heavy SO2 pollutants, 

such as cement or heavy metal processing factories. We rely on two main considerations to circumvent 

this concern. The first consideration is contextual. During China’s planned economy era, the locations 

of many plants (and particularly those devoted to heavy industry) were determined by regional and 

local governments seeking to make the economy “leap forward”. To a certain degree, plant locations 

are determined by political or social concerns. These decisions were not entirely driven by market 

factors, and the plants were not always located in the most suitable places to begin with. 

Our second method for mitigating endogeneity concerns is that our first-differencing setup helps 
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control for unobserved initial differences among firms. The concern over unobserved initial differences 

is then reduced to concern over the validity of the identifying assumption that the growth trends of the 

treatment and control counties are parallel in the absence of treatment. Although this assumption is not 

directly testable, we offer indirect evidence in Panel B of Table 3. The results concern a set of balance 

tests between the TCZ treatment and control groups after adding the IV approach to the setup of 

Equation (1). Comparing the results in Panels A and B of Table 3 (without and with the IV), we can 

see that the pre-treatment trends at both the county and firm levels are better balanced with the IV. 

Furthermore, we check the spatial distribution of the regulatory effect by using contiguous neighbours 

around existing thermal power plants’ host counties, and we present the results in Panel B of Table 5. 

The lack of spatially concentrated effects around the power-plant-hosting counties suggests that any 

bias induced by the potential agglomeration of similarly polluting firms around the power plants is 

limited, a point we return to in Section 5.2. 

Lastly, we check our baseline findings against estimates from identification strategies of existing 

literature: namely, the DID and the thermal inversion IV approaches. While there exists no perfect 

exogeneous setting for this policy, our power plant suitability IV, DID, and thermal inversion IV are 

subject to different identification challenges. The consistent findings throughout all three identification 

strategies suggest the robustness of our findings. We discuss the detailed differences of these strategies 

in Appendix II. 

5 Results 

5.1 Main results 

This section reports our baseline estimates of the effects of the TCZ policy on firm productivity 

growth between 1998 and 2007. Table 4 presents the 2SLS and OLS results for the two panels. In 

columns 1 and 2, the TCZ dummy variable, coded at the county level, was used to measure the effect 

of being placed on the list for close monitoring by the State Council (designated as a TCZ county)—

both before and after including the full set of covariates described in Section 3. Both columns show a 

negative effect of regulation, and including the covariates reduces the magnitude of the effect by 

approximately half. Based on the assumption that only firms in the more heavily polluted counties are 
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subject to environmental regulation, the column 2 estimate suggests that being regulated leads to a 

26%12 reduction in productivity growth relative to growth in the non-regulated counties between 1998 

and 2007. This difference in growth rates averages approximately 2.6% annually.  

In column 3, we show a test of the concept that the regulation intensity of the TCZ policy is 

positively correlated with the local level of SO2 pollution in 1998,13 relying on measures derived from 

NASA satellite data. In accordance with the policy objective of having all parts of China achieve the 

same high air quality, we assume that higher initial pollution in 1998 leads to more stringent regulations 

after the implementation of the policy. Interacting the SO2 level with the TCZ dummy further assumes 

that regulation applies only to firms located in regulated counties. The estimate suggests that a 10% 

higher pollution level at the time of the regulation results in a 0.5% lower rate of growth in productivity. 

The baseline estimates consistently point to an adverse regulatory impact of TCZ policy on 

growth in firm productivity. The magnitudes of our point estimates are similar to the existing findings 

based on the experience of developed countries (e.g. Greenstone et al., 2012). Compared with the OLS 

results, the IV estimates are roughly double in magnitude. The fact that firms located in the regulated-

zone counties tended to grow more slowly in the pre-treatment period (Table 3, Panel A) explains the 

smaller OLS point estimates. Notably, our sample comprised only firms that survived from 1998 to 

2007. As we do not observe the exits or relocations of firms to the less-regulated counties,14 which 

have been documented as valid regulatory channels (Becker & Henderson, 2000), our baseline 

estimates of negative productivity growth indicate the lower bound of the TCZ policy effect. 

5.2 Sensitivity tests 

We conducted sensitivity tests to check the robustness of the baseline results for the three main 

factors, and the results are shown in Table 5. We check two alternative IV computations and display 

the results in panel A. In column 2, we assign equal weights to all the constituting factors of the power 

plant suitability measure. The resulting similar magnitudes (concerning the point estimates and the 

strong significance) suggest that the IV mainly works through the nonlinear transformation functions 

 
12 Computed as (e0.23)-1, which is approximately 25.9%.  
13 To address the potential manipulation of pollution data in China (e.g. Ghanem and Zhang, 2014). 
14 We observed a considerably small sample of relocated firms, which accounted for less than 1% of our sample. 
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  of each factor k. Column 3 computes the IV by using a subset of the less economic factors, 

excluding factors such as measures of road access, rail access, or distance to urban centres.15 The point 

estimate remains similar, although this estimation method substantially reduces the first-stage power. 

In Panel B, we check the spatial patterns around the thermal power-plant-hosting counties. The 

concern is that if other heavy coal-using firms co-locate in the power-plant-hosting counties, this 

pattern would pose a challenge to the identifying assumptions of our identification strategy and bias 

the baseline estimates. This set of tests serves to determine whether the baseline effects are driven by 

other heavy coal-using firms that are co-located near power plant counties. In the first column, we 

limit the sample to power plant counties and their first contiguous neighbours.16 In the next column, 

we replace the first contiguous treatment-zone neighbours with their second contiguous neighbours. 

In the last column, we consider both the first and the second neighbours. If the agglomeration of heavy 

SO2 polluters around power plants is the main driving force of our baseline effect, then we expect the 

column 1 estimate to be significantly larger than that shown in column 2. In fact, we observed 

extremely similar point estimates for both columns. These results show an even spatial distribution of 

the regulatory effect by distance, which indicates that our baseline effects are not driven by the power-

plant-hosting counties, their neighbours, or the potential agglomeration of other heavy SO2 pollutants.  

Finally, in Panel C, we check the sensitivity of our estimates using three alternative sample 

definitions. First, we exclude water-polluting firms—firms belonging to those two-digit industries 

whose annual levels of wastewater pollution, as recorded in the 2008 Statistical Year Book, are above 

the national median. As water-polluting firms may also be subject to other regulations in the Ninth 

Five-Year Plan17, this conservative way of restricting the sample shows us the effect of the TCZ policy 

only. The second and third sample restrictions that we impose exclude location-switching and industry-

switching firms, respectively. We argue that firms that switch locations or industries may 

fundamentally differ from those that remain in their original locations and industries. All three sample 

definitions provide estimates that are similar to those of the baseline. 

 
15 The bold text in Appendix Table A1 indicates the factors that we consider to be less economic. 
16  The spatial accuracy of our data allows for geo-locating the firms to the county level, but not their precise 

coordinates. 
17 http://www.npc.gov.cn/wxzl/gongbao/2001-01/02/content_5003506.htm 

http://www.npc.gov.cn/wxzl/gongbao/2001-01/02/content_5003506.htm
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As our sample period covers a decade in which many reforms and rapid industrialisation took 

place, we break down the sample period in Table 6 to check whether other concurrent policy shocks 

drive the baseline results. We consider two major events as the basis for first splitting the sample period 

in 2002. The first event is China’s accession to the World Trade Organization (WTO) in 2001, which 

substantially boosted China’s export share from 2002 onwards. 18  The productivity-boosting and 

pollution-mitigating effects of the WTO accession on Chinese firms are documented in the literature 

(Cai et al., 2016). Previous work has also found adverse effects of TCZ regulations on exporting firms 

(Hering & Poncet, 2014) and inward foreign direct investment (Cai et al. 2016). Accordingly, our 

baseline results may vary before and after China’s WTO accession, especially if the WTO exposure 

levels differ substantially between the regulated-zone and non-regulated-zone counties. The second 

important policy shock under consideration is China’s reform of SOEs that took place between the late 

1990s and the early 2000s. A substantial share of SOEs were shut down or converted to other types of 

ownership. As firms in heavy industries tend to be state-owned (for reasons such as high capital input 

requirements), the SOE reform may affect the baseline point estimates. The results shown in the first 

four columns of Table 6 indicate that the baseline TCZ effect is not driven by the two policy shocks 

mentioned above. 

The remaining two columns present the results after shortening the sample period to 2005. This 

shows that our identified effects are not driven by the inclusion of environmental quality into the local 

government leaders’ evaluations that began in December 2005.19  The career perspective of local 

political leaders in China depends largely on their evaluation from the official target-based 

performance system. Therefore, adding local environmental quality into this system means that they 

would be held accountable to reach the environmental protection goals set by the central government 

in their administrative region (Chen et al., 2018). By adjusting the sample period according to the three 

major policy reforms, Table 6 confirms that the estimated adverse effect on firm productivity is indeed 

caused by the TCZ policy. 

 
18 According to our own computations from the data. 
19 The Chinese policy document is provided at the following government website: http://www.gov.cn/zwgk/2005-

12/13/content_125680.htm 

http://www.gov.cn/zwgk/2005-12/13/content_125680.htm
http://www.gov.cn/zwgk/2005-12/13/content_125680.htm
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Lastly, we present evidence for the robustness of the baseline findings in Table A4. The DID 

specification suggests that the TCZ policy leads to a 10.7% reduction in firm productivity while 

instrumenting with thermal inversion show a 4.0%-4.6% reduction in growth rate of firm productivity20. 

Findings in both alternative specifications are consistent with the baseline estimates, boosting 

confidence in the validity of our research design. The marginal contribution of the power plant 

suitability as the IV is that it exploits variation along the spatial dimension, whereas the thermal 

inversion IV relies on that along the time dimension21. As a result, we are able to shed light on the 

effect of the TCZ policy on a larger set of results, as presented in the next two sections. 

5.3. Heterogeneity analysis 

In this section, we perform a comprehensive set of heterogeneity regressions to check the extent 

to which different types of firms are more or less affected by the TCZ policy. The heterogeneities we 

find indicate that the adverse impact is indeed driven by the regulation rather than the productivity-

reducing effects of air pollution itself. We focused on the TCZ treatment dummy specification and 

present the results in Table 7.  

Columns 1 and 2 show heterogeneity according to export type. As Melitz and Redding (2014) 

famously argued, exporting and non-exporting firms differ in many fundamental ways, including their 

endogenous productivity and learning ability. The estimation results show that although the TCZ policy 

negatively affects both exporting and non-exporting firms, the impact on exporting firms is more than 

twice as great and was more significant. This pattern is consistent with the findings of Hering and 

Poncet (2014), who showed that the TCZ policy has a greater effect on the export sector than non-

exporting firms.  

A further potential concern of our baseline estimate is that the sample includes all firms from the 

secondary industry, from mining to manufacturing, and the energy sector, which may not share similar 

forms of the production function. For example, many Chinese coal plants are relatively new and likely 

do not have extensive potential for productivity improvement. Even older coal plants have a limited 

range of efficiency improvements (Chan et al., 2017). If the coal plants are considerably hampered by 

 
20 The details of the DID and thermal inversion IV specifications and discussions are presented in Appendix II. 
21 The same set of locations are subject to frequent thermal inversion occurrences. 
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the regulation or simply do not have the potential for efficiency improvements, our results may 

overestimate or underestimate the productivity effects. 

As a partial test to address this concern, we break down the effects by industry type and show the 

results in columns 3 through 5. We define three general categories: mining and quarrying, 

manufacturing, and energy-generating sectors. As the mining sector is upstream of the coal-using 

industry, we do not expect a direct effect of the TCZ policy on this sector. Indirectly, the TCZ policy 

can potentially introduce a demand shock to coal producers. However, the estimate yielded non-

significant results. The estimate for the manufacturing firms in column 4 shows a modest negative 

effect. As almost all manufacturing firms use coal as an input, they are inevitably affected by the TCZ 

policy but to varying degrees because they have differing intensities of coal usage. Column 5 presents 

the large and significant impact of TCZ policy on the electricity-generating sector. This sector is the 

main target of the TCZ policy and is the key driver of our baseline estimates. These findings indicate 

that the negative estimates indeed arise through the channel of the TCZ policy rather than the 

alternative channel of air pollution, which reduces worker productivity or the labour supply (Liu et al., 

2017, 2021). 

Columns 6 and 7 show the patterns of effect on capital- and labour-intensive firms22 to examine 

potential heterogeneity by factor intensity. Although polluting firms tend to be more capital-intensive 

than their counterparts, the TCZ policy is binding for all types of firms in the regulated areas. The 

results show that firms with both types of factor intensity are negatively affected; however, the effect 

is larger and more significant for labour-intensive firms. 

Finally, in columns 8 and 9, we examine the potential heterogeneity among counties according to 

their political status. The word “district” is an administrative term for the city centre or the most 

urbanised part of a prefecture. As industrial firms are more commonly located in districts than in non-

districts, the estimates show that firms located in districts are the main firms that drive the negative 

policy effect. The positive estimate for firms located in the peripheral counties is probably owing to 

the “pollution haven” effect. 

 
22 We define factor intensity by above-median within-industry labour-to-capital ratios, as reported in 1998 
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5.4. Firm responses to the TCZ policy 

In this section, we explore the potential mechanisms through which the TCZ policy lowers firm 

productivity growth by linking two additional firm-level datasets to the baseline sample. The analysis 

uses the baseline specifications with new dependent variables on the changes in firm-level emissions 

and product mix (see Section 3 for detailed data and sample description).  

Panel A of Table 8 presents the results of the estimated TCZ effect on specific pollutants. Based 

on our baseline findings that the TCZ policy reduces firm productivity growth, we expect the policy 

to be effective in reducing emissions. The first three columns examined the growth of coal-related 

pollutants. The point estimates show that the TCZ policy has indeed been successful in curbing the 

emission of targeted coal-burning pollutants. In columns 4–6, we use the emission growth of water 

pollutants as the dependent variables to run a placebo comparison. The TCZ policy does not have a 

significant impact on pollutants beyond its regulatory objectives.23 The results in this table suggest that 

firms in regulated counties have lowered their emissions in response to TCZ regulation, which 

consequently reduced their productivity growth. This evidence is consistent with the policy 

enforcement of using cleaner coal and installing desulphurisation infrastructure, which are costly 

measures that reduce coal-related emissions. 

Next, we examine the impact of TCZ regulation on the product-mix decisions of firms and their 

associated emission intensities. As discussed in Section 2.1, changing product mix is a plausible firm-

level response to environmental regulation (Elrod & Malik, 2017; Lipscomb, 2008). Altering the 

product mix is a process that introduces frictions and additional costs to firms, potentially lowering 

productivity growth. To uncover this potential mechanism, we complement the missing product 

information in our baseline sample by matching it with the customs database. We compute two types 

of variables to use this subsample of firms that engage in international trade. The first is the number 

of (six-digit HS code) products added or eliminated at the firm level between 2000 and 2007. The 

second is the interpolated SO2 emission intensity at the firm level. This interpolation follows Levinson 

 
23 The matched firm sample was considerably small, accounting for less than 1% of the baseline sample. This is 

because our baseline sample was restrictive in keeping the panel of survived firms between 1998 and 2007, although 

our overall matching ratio matches up with the literature (Fan et al., 2019; He et al., 2020). 
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(2009) in linking the six-digit HS code to four-digit SCI industrial SO2 emission intensity according 

to the World Bank’s Industrial Pollution Projection System to estimate the product-level emission 

intensity. This product-level information is then aggregated to the firm level with each product’s output 

share (in quantity and value) of the firm. The change in this variable indicates whether firms are 

moving towards SO2 emitting product mix. 

The first four columns of Table 8 Panel B show the effect of the TCZ policy on the changes in 

firm product mix between 2000 and 2007 among firms that engage in international trade. The results 

show that firms in regulated counties add and eliminate more product types than their counterparts in 

non-regulated counties. This effect is still present when we focus solely on exporting firms (columns 

3–4) rather than both importing and exporting firms (columns 1–2). Columns 5 and 6 further present 

suggestive evidence after associating the products with their industrial-level emissions that regulated 

firms are more likely to switch to less SO2-emitting product mix than non-regulated firms.24 Overall, 

the results indicate that surviving firms following the TCZ policy respond to such environmental 

enforcement by changing their product composition (and potentially less polluting products), which is 

a process that imposes additional costs and has contributed to their slower growth in productivity. 

6 Conclusion 

This study provides new evidence that early environmental regulations have deteriorated 

industrial productivity in China, complementing existing findings. Productivity effects were estimated 

using rich firm- and county-level data. To address the non-random spatial distribution of regulation 

status, we employed a novel IV at the county level and included a comprehensive set of covariates to 

account for early variations among counties. Using a balanced panel of surviving industrial firms for 

which firm fixed effects can be teased out, we compared the productivity growth of firms located in 

regulated versus non-regulated counties over the 10 years following the regulation. 

We generated three main findings. First, the TCZ policy leads to a reduction in the growth of 

industrial value-added output among surviving industrial firms. The adverse effects are stronger for 

 
24 The point estimates here are non-significant. We faced several data limitations. The first is the inaccuracies owing 

to linking the American four-digit industrial level emission projections to the Chinese product-level. The second is 

the unrealistic assumption of no technology change. The third is the small sample size for keeping only surviving 

firms to account for firm fixed effects. 
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firms that are export, labour-intensive, or heavily coal reliant. Firms in the regulated counties show a 

2.6% annual reduction in productivity growth compared with their counterparts in the non-regulated 

counties from 1998 to 2007. Second, most of the variation in productivity reductions generated by the 

TCZ policy comes from reductions in SO2 emissions at a similar scale, suggesting that the main 

compliance actions to production come from pollution reductions. This points to an obvious but 

previously understudied implication that reducing pollutant emissions is the key factor for planning 

and evaluating environmental regulations. Third, our further exploration finds evidence in support of 

a composition-based mechanism with regulated firms adjusting their product mix in response to 

regulation. 

Environmental regulations in China appear to generate substantial economic costs in the industrial 

sector. We conjecture that the TCZ policy has imposed costs on firms by enforcing emission reduction 

measures for cleaner production. Firms also adjust their product mix in response to a regulation, which 

is a cost-adding process. In addition to the direct effect on firms in regulated areas, more stringent 

regulations may also lead to industry-level spillovers as a result of local agglomeration economies 

arising from the potential collocation of heavy polluters and suppliers of intermediate products through 

sharing, matching, and learning strategies (Duranton & Puga, 2004). Further, industrial firms may also 

employ more or less workers to take compliance efforts that satisfy the demand of input. Walker (2013) 

provided estimates of the costs induced by workers in firms when evaluating the cost-benefits of 

cleaner air regulations in the US. However, the mechanisms through which additional costs are 

imposed on firms are limited owing to imperfect data. While the baseline results are estimated based 

on comprehensive firm-panel data, the sample attribution is large for the mechanism analysis when 

information is sourced from various databases. Therefore, caution is needed to generalise our findings 

to other fast-industrialised and developing country settings. The fundamental implication is that 

environmental regulations play a key role in developing countries such as China, where spatial 

disparities in productivity and pollutant emissions are pronounced in the wider industrial sector.  
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Figures 

 

 

Figure 1a. Ambient SO2 density and coal-fired power plant locations by 1998 

 

 

 

 

Figure 1b. Coal-fired power plant suitability and actual locations by 1998 
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Tables 

Table 1. Summary statistics 

Variables Obs. Mean SD 

Firm level 

Change in ln (value added) between 1998 and 2007 40,031 0.86 1.326 

Change in ln (employment) between 1998 and 2007 40,031 0.02 0.894 

Change in ln (net value of fixed assets) between 1998 and 2007 40,031 0.36 1.332 

County level 

ln (SO2 density) in 1998, county mean 2004 3.61 0.850 

Two Control Zone (TCZ) policy dummy (1 = regulated zone; 0 = 

non-regulated zone) 
2004 0.38 0.486 

ln (suitability index), county mean 2004 6.11 0.181 

Share of agricultural workers between 2000 and 2010 2004 -0.12 0.104 

Share of population with high school education and above between 

2000 and 2010 
2004 0.06 0.036 

Change in ln (annual precipitation rate) between 2000 and 2010 2004 0.10 0.177 

Change in ln (annual average temperature) between 2000 and 2010 2004 0.00 0.002 

Change in ln (annual average wind speed) between 2000 and 2010 2004 -0.12 0.137 

Change in ln (highway access index) between 1999 and 2010 2004 -0.11 0.498 

District dummy (1 = district; 0 = non-district) 2004 0.17 0.377 

ln (average elevation) 2004 5.47 1.662 

ln (minimum slope) 2004 2.80 2.178 

ln (min distance to energy sources) 2004 0.16 0.409 

Volcano, earthquake, and airfield dummy 2004 0.29 0.453 

ln (distance to river) 2004 0.06 0.110 

ln (distance to coast) 2004 12.63 1.295 



 

31 
 

Table 2. First-stage regression analyses 

  
 

(1) (2)  (3) 

Dependent variable  Treatment  Treatment intensity 

ln (suitability index)  0.768*** 0.845***  3.947*** 

  
(0.10) (0.11)  (0.48) 

Firm and county covariates  No Yes  Yes 

F-statistics  58.37 57.66  67.90 

Observations   40,031 40,031  40,031 

Notes: This table reports the first-stage results of using the thermal power plant suitability index to predict 

the TCZ treatment status. Columns 1 and 2 use the TCZ dummy to measure treatment, and column 3 uses 

the treatment dummy interacted with the local SO2 levels in 1998. Columns 2 and 3 include the full set 

of firm and county-level covariates. Robust standard errors (in parentheses) are clustered at the county 

level. 

*p < .1, **p < .05, ***p < .01.   
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Table 3. Balance in pre-treatment outcomes 

   (1) (2) (3) (4)  (5) (6) (7) (8) 

   County level: 1982–1990    Firm level: 1996–1998  

Changes of ln (pre-

treatment outcomes) 

 

Population 
Population 

density 

Resident 

population 

Population 

with higher 

education 

 
Value 

added 

Net value of 

fixed assets 
Employment 

Sales 

revenue 

Panel A: Pre-treatment balance by TCZ treatment status 

Treatment  0.045** 0.004 0.008 0.081***  -0.003 0.008 -0.028*** -0.033* 

   (0.02) (0.01) (0.01) (0.02)  (0.03) (0.02) (0.01) (0.02) 

R2  0.01 0.02 0.00 0.08  0.02 0.00 0.01 0.01 

Panel B: Pre-treatment balance after instrumenting for TCZ status 

ln (suitability index)  0.092 0.050 0.037 -0.036  -0.080 0.003 -0.009 -0.006 

  (0.06) (0.03) (0.04) (0.05)  (0.08) (0.05) (0.03) (0.05) 

R2  0.01 0.02 0.01 0.06  0.02 0.00 0.00 0.00 

Firm covariates  Yes Yes Yes Yes  No No No No 

County covariates  Yes Yes Yes Yes  Yes Yes Yes Yes 

Observations  1,838 1,838 1,838 1,838  5,899 5,899 5,899 5,899 

Notes: This table shows how the pre-treatment trends at the county and firm levels vary by TCZ treatment (Panel A) versus the predicted treatment 

using the IV (instrumental variable) (Panel B). The county-level outcomes in columns 1–4 include the changes in population, population density, 

resident population (hukou holders), and population with a high school degree or above between 1982 and 1990. The firm-level outcomes in columns 

5–8 include changes in value added, net value of fixed assets, employment, and product sales revenue between 1996 and 1998. All the regressions 

include a full set of county-level controls and factors constituting the IVs. Firm-level covariates are only included in columns 1–4. Owing to missing 

values in the 1982 census, the county-level sample size is 1,838 instead of the full sample size of 2,004. The firm-level sample includes 5,899 firms 

(located in 1,091 counties) because of the substantially smaller sample size of the 1996 firm survey. Robust standard errors (in parentheses) are clustered 

at the county level for firm-level regressions. 

*p < .1, **p < .05, ***p < .01.  
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Table 4. The TCZ effect on firm productivity growth: Baseline results  

  (1) (2) (3) 

Dependent variable Change in ln (value added) between 1998 and 2007 

Panel A: 2SLS results    

Treatment -0.514*** -0.230**  

 (0.12) (0.11)  

Treatment intensity   -0.049** 

      (0.02) 

First-stage F-statistics 58.37 57.66 67.90 

Panel B: OLS results    

Treatment -0.242*** -0.105***  

 (0.04) (0.03)  

Treatment intensity   -0.023*** 

     (0.01) 

R2 0.01 0.31 0.31 

Firm and county covariates No Yes Yes 

Observations 40,031 40,031 40,031 

Notes: This table reports the results from the estimation of Equation 1, with the treatment variable 

being instrumented by county-level average suitability (Panel A) or directly as an OLS (Panel B). 

Columns 1 and 2 use the TCZ dummy to estimate the TCZ policy effect by assuming that only 

firms located in treatment-zone counties are regulated. Column 3 uses the interaction between the 

TCZ dummy and the SO2 levels by assuming that the two zones are subject to different levels of 

regulatory stringency, which are correlated with existing pollution levels. Column 1 includes no 

covariates; however, columns 2–3 include the full set of covariates. Robust standard errors (in 

parentheses) are clustered at the county level. 

*p < .1, **p < .05, ***p < .01. 
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Table 5. Sensitivity tests 

    (1)   (2)   (3) 

Dependent variable  Change in ln (value added) between 1998 and 2007 

Panel A: IV sensitivity 
 Baseline  IV: Same weight  IV: Limited factors 

Treatment intensity  -0.049** 
 

-0.065*** 
 

-0.061* 
  (0.02) 

 
(0.02) 

 
(0.04) 

Firm and county covariates   Yes   Yes   Yes 

First-stage F-statistics  67.90  59.85  20.95 

Observations  40,031  40,031  40,031 

Panel B: Contiguous neighbouring counties 

  
First-order  Second-order  First- and second-

order 

Treatment intensity  -0.044 
 

-0.043 
 

-0.068** 
  (0.04) 

 
(0.05) 

 
(0.03) 

Firm and county covariates   Yes   Yes   Yes 

First-stage F-statistics  27.78  27.87  48.68 

Observations  21,750  18,820  29,508 

Number of counties  629   705   1,193 

Panel C: Restrictive sample 

  

Excluding water 

pollution firms 
 Excluding relocated 

firms 
 Excluding industry 

switchers 

Treatment intensity  -0.064** 
 

-0.046** 
 

-0.045** 
  (0.03) 

 
(0.02) 

 
(0.02) 

Firm and county covariates   Yes   Yes   Yes 

First-stage F-statistics   49.54  67.87  67.45 

Observations  15,011  39,734  28,728 

Notes: This table follows the baseline specifications (Table 4, column 3) but with the following modifications. 

Panel A uses two alternative metrics of the IV (instrumental variable): column 2 is an IV with equal weights for all 

factors, and the column 3 IV uses the less economic factors. Panel B restricts the sample to the thermal power plant 

counties and their contiguous neighbours. The column 1 sample includes the power plant counties and their first 

contiguous neighbours, and column 2 includes the power plant counties and their second contiguous neighbours. 

Column 3 uses a combination of the column 1 and 2 samples. Panel C presents three sets of restrictive samples to 

check the sensitivity of our baseline estimates. The types of firms excluded in each column are water polluters 

(column 1), firms that relocated across prefectures (column 2), and firms that switched industries at the 3-digit 

industry-level (column 3). Robust standard errors (in parentheses) are clustered at the county level. 

* p < 0.1, ** p < 0.05, *** p < 0.01.  
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Table 6. Effects by sub-periods: 2SLS results  

    (1) (2)   (3) (4)   (5) (6) 

Dependent variable Change in ln (value added) 

  WTO accession and SOE reform  Target-based performance evaluation policy 
  1998–2002  2002–2007  1998–2005 

Treatment  -0.105*   -0.152*  
 -0.217**  

  (0.06)   (0.09)  
 (0.09)  

Treatment intensity   -0.022*   -0.033*   -0.048** 

      (0.01)     (0.02)     (0.02) 

Firm and county covariates  Yes Yes  Yes Yes  Yes Yes 

N  60,465 60,465  86,561 86,561  42,590 42,590 

First-stage F-statistics   58.58 68.71   60.38 71.09   70.93 80.07 

Notes: This table reports the baseline results by sub-periods. The first breakdown of the sample period is by the year 2002 in columns 1–4, regarding 

China’s accession to WTO and the national SOE reform. Examining the sub-period by 2005 in columns 5–6 corresponds to the target-based performance 

evaluation reform for all local government officials. The results presented show that our baseline findings are not driven by any of these reforms in 

concern. All the regressions include the full set of covariates. Robust standard errors (in parentheses) are clustered at the county level. 

* p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table 7. Heterogeneity by ownership type, factor intensity, industry, and political status: 2SLS results 

  (1) (2)   (3) (4) (5)   (6) (7)   (8) (9) 

Dependent variable  Change in ln (value added) between 1998 and 2007 

Heterogeneity type 

Export status  Industrial type  Factor intensity  Administrative level 

Export Non-export  Mining and 

Quarrying 
Manufacturing 

Electric 

Power 
 Labour-

intensive 

Capital-

intensive  
District Non-district 

Treatment intensity -0.085** -0.036 
 

0.053 -0.043* -0.114** 
 

-0.072*** -0.039 
 

-0.064* 0.021 
 (0.04) (0.02) 

 
(0.10) (0.02) (0.06) 

 
(0.03) (0.02) 

 
(0.03) (0.06) 

Firm and county covariates Yes Yes   Yes Yes Yes   Yes Yes   Yes Yes 

First-stage F-statistics 33.77 80.21  12.55 64.45 50.04  51.46 81.10  22.14 15.51 

Observations 13,341 26,690  1,454 36,207 1,685  20,037 19,994  20,564 19,467 

Notes: This table reports the baseline specification results after splitting the full sample by export type, industry type, factor intensity, and urban status. Columns 1 

and 2 split the sample by exporting status. Columns 3–5 split the sample into three sectors: mining and quarrying (coal producers), manufacturing (both heavy and 

light coal users), and electricity production and supply firms (all heavy coal users). Columns 6 and 7 define firms as either labour- or capital-intensive, according to 

whether their labour-capital ratios are above their industry-specific medians. Columns 8 and 9 split the sample at the county level, following the administrative 

definitions of the urban centres (districts) of each given prefecture. Robust standard errors (in parentheses) are clustered at the county level. 

*p < 0.1, **p < 0.05, ***p < 0.01.  
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Table 8. The TCZ effect on firm pollution emission and product mix: 2SLS results 

  (1) (2) (3) (4) (5) (6) 

Panel A: Firm level pollution emission 

Dependent variable: 

Change in ln 

Coal-related pollution emission Non-coal-related pollution emission 

SO2 emission 
Fuel coal 

consumption 
Dust emission COD emission 

Wastewater 
emission 

Wastewater removal 

Treatment intensity -0.294** -0.282** -0.346** -0.073 -0.045 -0.218 
 (0.12) (0.12) (0.15) (0.18) (0.12) (0.25) 

Firm and county covariates Yes Yes Yes Yes Yes Yes 

nN 3,440 2,815 3,070 3,677 3,835 3,122 

Number of counties 964 891 905 886 930 836 

First-stage F-statistics 60.77 60.38 53.87 46.04 47.47 49.92 

Panel B: Product mix 

Dependent variable  

Change in ln 

Exporting and importing product Exporting product Emission intensity: exporting product 

Number of added 
product types 

Number of 
eliminated product 

types 

Number of added 
product types 

Number of 
eliminated product 

types 
Based on quantity 

Based on output 
value 

Treatment intensity 0.307** 0.234** 0.319** 0.214* -0.058 -0.041 
 (0.12) (0.11) (0.15) (0.11) (0.05) (0.04) 

Firm and county covariates Yes Yes Yes Yes Yes Yes 

N 7,000 7,074 5,412 5,579 5,638 5,638 

Number of counties 620 608 466 459  465  465 

First-stage F-statistics 18.488 18.21 16.04 15.78 15.18 15.19 

Notes: This table reports the baseline specification results with new dependent variables on the changes of firm-level emission and product-mix between 2000 and 

2007. Panel A presents results on the estimated TCZ effect on the growth of coal-related pollutants (columns 1–3) and water pollutants (columns 4–6). In columns 

1–4 of Panel B, the dependent variable is the number of (six-digit HS code) products added or eliminated at the firm level and focuses on both importing and 

exporting firms in columns 1–2 and exporting firms in columns 3–4. The dependent variables of the last two columns in Panel B is the interpolated SO2 emission 

intensity, which is calculated by aggregating product-level information to firm-level with each product’s output share (in quantity for column 5 and value for 

column 6) of the firm. All the regressions include the full set of covariates. Robust standard errors (in parentheses) are clustered at the county level. 

*p < 0.1, **p < 0.05, ***p < 0.01. 
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Appendix I Supporting Figures and Tables 

Figures 

 

 

Figure A1. Illustration of the instrumental variable approach 

Notes: Figure A1 illustrates the various linkages underlying IV predictability. The thermal power plant 

suitability index captures the likelihood of power-plant-hosting locations, which adds to local SO2 

emissions. Counties with relatively higher SO2 levels in 1998 were designated by the State Council as 

the TCZ counties for environmental regulation, imposing additional costs on local firms. The blue font 

and dashed lines indicate the variables relevant to our baseline specification. 
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Figure A2. Correlation between county-level IV and 1998 SO2 levels 

 

 

Figure A3. Correlation between the predicted local SO2 levels and treatment status 

Notes: Figure A2 and A3 relate IV to the treatment variables. Figure A2 plots the county-level 

correlation between IV and 1998 SO2. Figure A3 shows the relationship between the predicted 1998 

SO2 levels and predicted TCZ designation, following the specification of the first-stage regression. 
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Tables 

Table A1. Sources and details of remote-sensing data 

Name Source Details 

SO2 column density 
NASA Global Modelling and Assimilation 

Office 

Time span: 1998–2010, annual means 

Scale: 0.5°× 0.625°; unit: kg m-2 

Infrastructure and land use 

United States Geological Survey: Coal 

Geology, Land use, and Human Health in 

China, compiled by Alex W. Karlsen et 

al.(2001) 

List of shp files compiled by 2001  

Key variables: roads, railroads, 

airfields, small/large rivers, earthquake 

spots, volcanoes, coal-bearing fields 

Coal mines, oil, and gas 

field 

USGS Compilation of GIS Data 

Representing Coal Mines and Coal-Bearing 

Areas in China 

Surveyed by 2001 but fully published 

first in 2015 January 

Key info.: coal mines, oil, and gas 

fields 

Gas pipelines 
China Natural Gas Pipelines Dataset, 

Harvard China Map 
Gas pipelines and nodes 

Elevation Harvard China Historical GIS V5 DEM 
1 km pixel resolution, based on 

GTOPO-30 data from USGS 

Land cover 
Global Land Cover Facility, MODIS Land 

Cover 

5’×5’ ≈ 0.083° resolution, yearly 

2001–2012  
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Table A2. The suitability index: Constituting factors and their corresponding weights 

Factor Sub-factor values Reclassification values 

Elevation 0–1,000 m 10 
0.06 1,000–1,400 m 8 
 1,400–1,800 m 4 
 > 1,800 m 0 
Slope 0–6% 10 
0.05 6–10% 7 
 > 10% 0 

Road 0–500 m 0 
0.08 0.5–10 km 10 
 10–20 km 7 
 20–40 km 3 
 > 40 km 0 
Rail 0–500 m 0 
0.14 0.5–10 km 10 
 10–20 km 7 
 20–40 km 3 
 > 40 km 0 
Distance to urban area 0–10 km 0 
0.05 10–20 km 10 
 20–50 km 7 
 50–100 km 4 
 > 100 km 0 
Distance to coal sources 0–5 km 10 
0.05 5–50 km 5 
 > 50 km 0 
Cultivation Yes 5 
0.04 No 10 
Gas pipeline 0–500 m 0 
0.08 0.5–5 km 10 
 5–10 km 8 
 10–20 km 6 
 20–40 km 3 
 > 40 km 0 

Large river 0–500 m 0 
0.08 0.5–10 km 10 
 10–20 km 5 
 > 20 km 0 
Small river 0–500 m 0 
0.07 0.5–10 km 10 
 10–20 km 5 
 > 20 km 0 
Distance to earthquake spots 0–1 km 0 
0.05 > 1 km 10 
Distance to volcanoes 0–1 km 0 
0.02 > 1 km 10 
Distance to airfields 0–5 km 0 
0.05 > 5 km 10 
Distance to coal mines 0–5 km 10 
0.10 5–50 km 5 
 > 50 km 0 

Distance to oil and gas fields 0–5 km 10 
0.08 5–50 km 5 
 > 50 km 0 
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Appendix II Alternative specifications  

This section presents detailed discussion on the robustness checks of Table A3 in Section 5.2.  

II.1 Difference-in-difference 

The spatial and time variations in the implement of the TCZ policy provide an opportunity for a 

difference-in-differences (DID) analysis. The DID estimation compares the firms’ productivity before 

and after the implement of the TCZ policy in 1998 (the first difference) with the changes among firms 

located in non-TCZ counterpart counties during the same period (the second difference). Particularly, 

we use the following DID estimation specification: 

                     (A1) 

where is the natural log of value-added productivity of firm i, located in county c in year t. The 

sample coverage is between 1996 and 2007.  is designation of the treatment status of TCZ policy, 

which takes the value of 1 if firm i is located in a treatment county since the implementation of the 

TCZ policy after 1998, and 0 otherwise.  is a vector of firm-level characteristics, such as the capital 

stock and the number of workers (in log-levels),  represents county fixed effects capturing time-

invariant county level characteristics such as geographic location and climate, while  is the year fixed 

effects capturing year-specific macro shocks common to firms. To address the concern that the error 

term  may be correlated across firms that are located in the same county, the standard errors are 

clustered at the county level. 

As discussed in Section 5.2, this specification suggests that the TCZ policy leads to a 10.7% 

reduction in firm productivity (Table A3), consistent in signing with our baseline finding using the 

power plant suitability IV but smaller in magnitude1. Because the DID setup is more data-demanding 

for its panel feature, it is more restrictive in examining various results. Another reason to not use it as 

our main research method is due to limited pre-treatment data. The ASIF data only dates from 1996, 

two years prior to the year of TCZ implementation. Moreover, the 1996 and 1997 data are based on 

trial surveys. Its sample of firms is much smaller than that of 1998 onwards and is hence not commonly 

 
1 However, the DID setup uses all firms while our baseline uses all surviving firms between 1998 and 2007. 



 

43 

included in academic research.  

Regardless, we check the time-trends between the TCZ and non-TCZ counties in Figure A4 using 

data from 1996 and 1997. We plot the dynamic regression coefficients of the event-study specification 

relative to 1997, one year prior to the TCZ policy implementation. The firm-level productivity gap 

between the treatment and control counties is statistically significantly different from zero. The parallel 

trend assumption hence does not hold. Interestingly, this gap starts to decline after 1998 and eventually 

reverses in 2005 (the 7th year post-treatment). The flipping of this gap is the effect of adding emission 

targets to the local political leaders’ evaluation system (Chen et al., 2018). Our baseline result of the 

TCZ-induced productivity decline is not driven by this, as shown by limiting the sample period to pre-

2005 in Table 6 columns 5 and 6. 

While previous studies of the TCZ policy have all employed the DID approach, our specification 

differs along several dimensions. First, our analysis is at the firm-level and focused on firm 

productivity. In Cai et al. (2016), the DDD setup corresponds to the timing, location, and sector of the 

policy implementation. In Hering and Poncet (2014), the treatment variations (in addition to the time 

and spatial dimensions of the policy) stems from the treatment intensity variable “exposure”, which is 

the SO2 emission level at the 2-digit industry code. Essentially, both studies add the sectoral dimension 

to the traditional DID setting, and our specification here allows for further accounting for firm fixed 

effects. Second, our analysis is based on more comprehensive firm-level observations linked across 

three data sources that have not previously been available.  
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Table A3. The TCZ effect on Firm productivity: DID results 

Notes: This table presents the difference in differences results with firm panel data from 1996 to 2007. 

The “pre-” reform period is defined as 1996 to 1997. Column 1 includes no covariates, while column 

2 includes the set of firm-level covariates. All regressions control for province fixed effects and year 

fixed effects. Robust standard errors (in parentheses) are clustered at the county-level. 

* p<0.1, ** p<0.05, *** p<0.01. 

 

 

 

Figure A4. The dynamic effect of TCZ policy on ln(value-added) 

 

 

  (1) (2) 

Dependent variable: ln(value-added) 

Treatment*Post -0.222*** -0.102*** 
 (0.04) (0.04) 

Firm covariates No Yes 

County fixed effect Yes Yes 

Year fixed effect Yes Yes 

N 1875533 1875533 

R2 0.001 0.477 
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II.2 Thermal Inversion as the instrumental variable 

In this section, we present results by including the thermal inversion measures in 1998 to the 

baseline specification (Arceo et al., 2016; Chen et al., 2017; Dechezleprêtre et al., 2020; Jans et al., 

2018; Sager, 2019). Our results (Table A4) remain robust after adding this widely applied IV for air 

pollution2. This is further supportive evidence for our finding because the thermal inversion measure 

is pertinent to the distributive mechanism of pollutants across space and different from that exploited 

by the suitability index. 

We use the suitability index rather than the thermal inversion measure as the baseline instrumental 

variable for two main reasons. First, the data of thermal inversion for a large country like China has 

many missing values. We lose over 5% of the counties in our sample without thermal inversion 

readings for any day in 1998. Part of the missing value is caused by drastic change in elevation (and 

hence available readings on comparable pressure levels) across the land in China. Second, thermal 

inversion captures the variation of how any air pollutants is distributed across space. Most of the 

existing research makes use of the temporal change (time variance) of thermal inversion occurrence as 

the IV for the contemporaneous pollution levels. The suitability index, on the other hand, aims to 

exploit the time-invariant spatial variation in the treatment status.  

The data we use to compute the thermal inversion episodes in 1998 is the ERA5 hourly data 

obtained from European Centre for Medium-Range Weather Forecasts (ECMWF) at 0.25° × 0.25° 

resolution and 37 pressure levels (Berrisford et al., 2009; Hersbach et al., 2018; Nogueira, 2020). In 

comparison to the NASA-MERRA-2 data commonly used in the current economic literature, ECMWF 

has higher resolutions both in space and frequency, and is less prone to missing values. 

We aggregate the hourly data in 1998 by county and in 6-hour intervals following Chen et al. 

(2017). Each thermal inversion episode is identified when the air temperature at 320-meter is higher 

than that at the110-meter altitude. The daily thermal inversion intensity is then computed as the sum 

of total daily episodes. We also compute annual counts of thermal inversion episodes as well as that of 

thermal inversion days. Lastly for robustness, we also use the air temperature differences between the 

540-meter and 110-meter altitudes.  

 
2 Using thermal inversion as the sole IV also produce similar estimates. 



 

46 

Table A4. The TCZ effect on Firm productivity: 2SLS results 

  (1) (2)   (3) (4)   (5) (6) 

Dependent variable: Change in ln(value-added) between 1998 and 2007 

Thermal Inversions: Thermal inversion strength  Annual days with thermal 

inversions 
 The frequency of thermal inversions 

in 1998 

Panel A: Thermal Inversions using temperatures in the first (110 meters) and second layers (320 meters) 

Treatment -0.343***   -0.336***   -0.353***  

 (0.11)   (0.10)   (0.10)  

Treatment*Intensity  -0.074***   -0.073***   -0.076*** 
  (0.02)   (0.02)   (0.02) 

First stage F-statistics 45.50 45.92   48.28 49.02   47.24 47.49 

Panel B: Thermal Inversions using temperatures in the first (110 meters) and third layers (540 meters) 

Treatment -0.360***   -0.352***   -0.376***  

 (0.11)   (0.10)   (0.11)  

Treatment*Intensity  -0.076***   -0.076***   -0.081*** 
  (0.02)   (0.02)   (0.02) 

First stage F-statistics 38.33 39.78  53.14 53.20  48.89 49.22 

Firm and county covariates Yes Yes   Yes Yes   Yes Yes 

N 36311 36311  36311 36311  36311 36311 

Number of counties 1896 1896   1896 1896   1896 1896 

Notes:  This table reports the baseline specification results with the treatment variable being instrumented by both suitability index and 

thermal inversions measured using the first-second layers (Panel A) and the first-third layers (Panel B). Thermal inversion can be represented 

by three ways, including thermal inversion strength (columns 1-2), annual days with thermal inversions (columns 3-4), and the frequency of 

thermal inversions in 1998(columns 5-6). All of the regressions include the full set of covariates. Robust standard errors (in parentheses) are 

clustered at the county-level. 

* p<0.1, ** p<0.05, *** p<0.01. 
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