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A B S T R A C T   

Research on avoidance behaviors related to air pollution, particularly among low-income groups 
in developing countries, is relatively limited. This study aims to analyze the connection between 
air pollution and farmer labor supply in China, while also examining the labor relocation effect. 
The identification strategy relies on a widely used instrument variable, namely that thermal 
inversion exerts a plausibly exogenous shock on air quality. Two-stage least squares regression 
results indicate that at the intensive margin, farmer working hours in agricultural work during 
their busy farming seasons are reduced by 0.4 h/day for a 10 μg/m3 increment in PM2.5, whereas 
at the extensive margin, their working days in agricultural work throughout the year are reduced 
by 2.7 days for a 1 μg/m3 increase in the yearly average PM2.5 concentration. We also consider 
the labor relocation effect, as farmers are likely to shift their labor supply from agriculture to 
indoor off-farm work to avoid pollution damage. These findings add to the negative social ex
ternality of air pollution and expand the determinants of the agricultural labor supply.   

1. Introduction 

Air pollution has emerged as one of the most critical public health challenges worldwide and has been demonstrated to have a series 
of impacts on health and economic dimensions (Arceo, Hanna, & Oliva, 2016; Chay & Greenstone, 2003; Deryugina, Heutel, Miller, 
Molitor, & Reif, 2019; Zivin & Neidell, 2012; Hanna & Oliva, 2015; He, Liu, & Salvo, 2019; Schlenker & Walker, 2016; Zhang & Mu, 
2018). From an individual perspective, there is abundant evidence that residents adopt various types of avoidance behaviors to 
mitigate pollution damage, including purchasing health insurance and protective items (Ito & Zhang, 2020; Zhang & Mu, 2018), 
investing in medical resources such as medical insurance and medical expenditures (Chang, Huang, & Wang, 2018; Chay & Green
stone, 2003; Deryugina et al., 2019), and “voting with their feet” by moving to locations with better air quality (Bayer, Keohane, & 
Timmins, 2009; Chen, Chen, Lei, & Tan-Soo, 2021; Chen, Oliva, & Zhang, 2017; Freeman, Liang, Song, & Timmins, 2017; Khanna, 
Liang, Mobarak, & Song, 2021; Tiebout, 1956). Most of these studies indicate that people with higher educational levels and better 
economic conditions are more sensitive to air pollution (Chen et al., 2017; Freeman et al., 2017; Ito & Zhang, 2020). Excluding a few 
exceptions,1 there is still a significant lack of research attention on the avoidance behaviors of groups with relatively low income class 
and a high risk of air pollution exposure, particularly farmers in the developing world. 

This study examined farmer labor responses to air pollution in China by establishing a causal link between air pollution and labor 
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1 Zivin and Neidell (2012) is one of the few existing studies that specifically examines the impact of air pollution on low- and middle-income 
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supply. By exploring a two-period individual-level panel survey across China, we recovered the average PM2.5 concentrations during 
the busy farming season (BFS) for each farmer and the average PM2.5 concentrations during the entire year for each county so that both 
the intensive margin (number of hours worked in agricultural work during the BFS) and extensive margin (number of days worked in 
agricultural work during the entire year) of farmer labor supply in response to air pollution could be empirically examined. 

The critical empirical challenge is the omitted variable bias introduced by the so-called self-selection behaviors of farmers in the 
presence of air pollution (Hanna & Oliva, 2015; Lazear, 2000; Viard & Fu, 2015), such as working less efficiently and being selective 
with work timing to avoid the adverse impacts of severe air pollution. Additionally, unobservable variables, such as socioeconomic 
conditions, can lead to bias in ordinary least squares (OLS) estimates. This challenge is particularly relevant in China due to variations 
in industrial organizations and economic policies across different regions and time periods. To address endogeneity, our identification 
strategy relies on a widely used instrument variable (IV), namely weather phenomena called thermal inversions, which 1) exert a 
plausibly exogenous shock on air quality levels and 2) are not likely to be correlated with other socioeconomic factors on a daily basis 
(Arceo et al., 2016; Chen, Oliva, & Zhang, 2018; Hicks, Marsh, & Oliva, 2016; Yi, Ye, Wu, Zhang, & Jiang, 2020). Therefore, we can 
identify the causal effects of air pollution on farmer labor responses by performed generalized two-stage least squares (2SLS) 
estimation. 

Our baseline results indicate a significant negative relationship between the agricultural labor supply and air pollution. Specif
ically, at the intensive margin, the labor hours of Chinese farmers in agricultural work during their BFS are reduced by 0.4 h/day for a 
10 μg/m3 increment in PM2.5, whereas at the extensive margin, the number of days of agricultural work during the entire year is 
reduced by 2.7 days for a 1 μg/m3 increase in the average PM2.5 concentration. These findings are consistent across various robustness 
checks, including alternative IVs, flexible weather controls, and different air pollution measurements. Furthermore, farmers are likely 
to shift their labor from the agricultural sector to off-farm employment, particularly indoor work, to avoid pollution damage. As a 
result, the farmer income structure changes according to their labor relocation. 

This paper addresses three trends in the literature. First, we extend studies on the avoidance behaviors of low-income groups. Most 
studies have pointed out that people with higher education and better economic statuses are more sensitive to pollution damage (Ito & 
Zhang, 2020; Khanna et al., 2021; Zhang & Mu, 2018), but direct empirical evidence for low-income groups is still inadequate. Our 
findings reveal the negative externality of air pollution, even for low-income groups in developing countries, and marginally highlight 
the potential policy benefits of air pollution control. 

Second, to complement avoidance behaviors in environmental economics, we further examined the labor relocation effect under air 
pollution. Previous studies focusing on farmer responses to air pollution have generally paid little attention to its significant conse
quences on labor allocation (Aragón, Miranda, & Oliva, 2017; Chang, Graff Zivin, Gross, & Neidell, 2016; Chang, Graff Zivin, Gross, & 
Neidell, 2019; Zivin & Neidell, 2012; Hanna & Oliva, 2015; Kim, Manley, & Radoias, 2017). Additionally, studies considering the 
environmental determinants of labor supply tend to focus on either weather shocks or man-made disasters2 (Colmer, 2021; Hoang, Le, 
Nguyen, & Vuong, 2020; Huang, Zhao, Huang, Wang, & Findlay, 2020; Karadja & Prawitz, 2019; Minale, 2018; Munshi, 2003). In this 
study, we determined that farmer labor supply shifts across sectors and within sectors, and shed light on a new external determinant 
that induces farmer labor relocation. 

Third, this study examined both intensive and extensive margins in a unified empirical framework. Most existing studies examining 
how air pollution affects agricultural labor supply focus only on one of the following two aspects: 1) labor intensity (e.g., labor 
productivity and piece-rate-wage) at the intensive margin (Aragón & Rud, 2016; Chang et al., 2016; Chang et al., 2019; Zivin & 
Neidell, 2012), or 2) labor participation or working times at the extensive margin (Aragón et al., 2017; Hanna & Oliva, 2015; Kim et al., 
2017). Few studies have combined these two aspects into a single framework based on data limitations and endogeneity restrictions. In 
this study, rich information from individual-level surveys allowed us to not only examine farmer labor intensity and labor partici
pation, but also explore the labor relocation effect across sectors and within sectors. 

The remainder of this paper is organized as follows. Section 2 introduces our theoretical motivation and empirical identification 
strategy. Section 3 provides summary statistics for the data and variables used in this study. The estimation results are discussed in 
detail in Section 4. Finally, in Section 5, we summarize our findings, discuss policy implications, and conclude this paper. 

2. Theoretical and empirical strategy 

2.1. Theoretical model 

We adopted the standard farmer labor allocation model (Carter & Yao, 2002; Chen, Chen, Lei, & Tan-Soo, 2020; Ward & Shively, 
2011). We assumed that air pollution P affects farmers’ labor endowment L by influencing their health S. Finally, L(S(P)) is incor
porated into the objective function of the farmers’ utility maximization and the labor time constraint. By solving for the optimal labor 
allocation under air pollution, we found that air pollution has a negative effect on agricultural labor supply but a positive effect on 
farmers’ participation in non-agricultural work.3 Based on this theoretical finding, we further derived two hypotheses. 

Hypothesis 1. Given the wage gap between the agricultural sector and the non-agricultural sector, worsening air pollution will 
encourage additional agricultural labor to shift towards non-agricultural sectors. 

2 Man-made disasters include marine environmental crises, gas leaks, oil spills, and chemical contamination.  
3 For detailed theoretical model specification and optimization deduction, please refer to Online Appendix 1. 
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Intuitively, if Hypothesis 1 is valid and air pollution indeed triggers avoidance behavior among rural residents, resulting in reduced 
outdoor exposure in the agricultural sector, it will also lead to a decline in their income from agricultural activities. In such case, 
rational farmers may opt to transfer their labor to the non-agricultural sector, where outdoor exposure is limited. This not only enables 
them to mitigate the damages of air pollution but also offsets the reduction in their overall household income. Testing this hypothesis 
necessitates distinguishing between the distinct impacts of air pollution on labor supply in both the agricultural and non-agricultural 
sectors. 

Hypothesis 2. Despite the possibility of labor relocation by farmers from the agricultural sector to the off-farm sector in response to 
air pollution, both agricultural income and off-farm income are expected to decline simultaneously. 

In theory, assuming no impact from air pollution, rational farmers allocate their labor between agricultural production and non- 
farm employment in an equilibrium state. They continually adjust this labor allocation until the marginal returns of labor in both the 
agricultural and non-farm sectors are equal (Colmer, 2021; Huang et al., 2020). Under this premise, if air pollution prompts farmers to 
transfer more labor from the agricultural sector to the non-farm sector, the marginal income in the non-farm sector decreases. In fact, 
previous studies have confirmed that air pollution reduces labor productivity (or piece-rate wages) in the manufacturing and some 
service sectors (T. Chang et al., 2016; T. Y. Chang et al., 2019; He et al., 2019). Nonetheless, even with the lower marginal income in 
the non-farm sector, if Hypothesis 1 is valid, farmers increase their labor input in non-farm employment. Therefore, empirically 
examining the ultimate changes in farmers’ income under air pollution requires establishing an empirical relationship between air 
pollution, farmer income, and income structure. 

2.2. Statistical challenges and identification strategy 

2.2.1. Statistical challenges 
To empirically test the two theoretical hypotheses, establishing a causal relationship between air pollution, as measured by PM2.5, 

and farmer labor supply is a necessary step. However, there are several empirical challenges that need to be addressed to ensure 
consistent results. 

The first challenge is to measure pollution exposure at different times of the year for farmers. To address this, we utilized the BFS 
information from the survey, which allowed us to construct two measurements for air pollution exposure during different periods. At 
the individual level, we extracted the average PM2.5 during each farmer’s BFS in a year, while at the county level, we calculated the 
average PM2.5 concentration throughout the year. These two measurements support our empirical goals by allowing us to detect the 
intensive margin and extensive margin of air pollution on labor supply. 

The second challenge involves the potential for omitted variable bias. Air pollution may be linked to various socioeconomic factors 
that simultaneously influence farmer labor supply. To illustrate this, consider the example of “straw burning”. If we exclude this 
variable, it has a dual impact: firstly, it significantly raises local air pollution levels (He, Liu, & Zhou, 2020). Secondly, after burning, 
the residue enhances soil fertility, leading to increased agricultural yields and motivating farmers to invest more in agricultural labor. 
Therefore, excluding “straw burning” may introduce an upward bias.4 If our baseline finding indicates that air pollution reduces 
agricultural labor supply, this upward bias ultimately results in underestimating the decrease in agricultural labor supply. Of course, 
whether OLS ultimately overestimates or underestimates is a matter for empirical testing. 

Finally, reverse causality and measurement error may also bias OLS estimates. Agricultural production exerts its own influence on 
the environment, and one vital aspect of air pollution is straw burning (He et al., 2020). Additionally, varying distances between the 
CLDS survey counties and monitoring stations introduce measurement errors in air pollution data, which cannot be completely 
eliminated. 

Therefore, it is essential to account for these factors when examining the causal relationship between air pollution and farmer labor 
supply. 

2.2.2. Identification strategy 
To address endogeneity issues related to air pollution, we employed thermal inversions as an instrumental variable (IV). Thermal 

inversions are meteorological phenomena that occur under specific conditions where temperature inversion takes place, with tem
perature increasing with altitude. This leads to cold air being trapped near the ground due to the higher density of cold air, preventing 
the upward dispersion of air pollutants and worsening air quality (Schwartz, 1994). As thermal inversions are relatively random and 
short-term, they are unlikely to be correlated with socioeconomic activities in the same space-time dimension, satisfying the exclusion 
restriction conditions for an IV (Angrist, Imbens, & Rubin, 1996; Conley, Hansen, & Rossi, 2012). Thus, thermal inversions have been 
widely used as an IV for air pollution in previous studies (Arceo et al., 2016; Chen et al., 2018; Hicks et al., 2016; Yi et al., 2020). By the 
same principle, we argue that, in our research case, thermal inversions affect farmer labor supply solely through the channel of 
changing air quality levels. 

To ensure that our argument holds, we need to strengthen several conditions for the exclusion restriction of thermal inversions in 
our research case. Specifically, we need to minimize the possibility of thermal inversions affecting farmer labor supply through 

4 Statistically, the direction of omitted variable bias hinges on the correlation between the omitted variable (“straw burning”) and the dependent 
variable (agricultural labor supply), which is expected to be positively correlated. It also depends on the correlation between the omitted variable 
(“straw burning”) and the key explanatory variable (air pollution), which is also expected to be positively correlated. 
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channels other than air pollution. 
One possible scenario is that thermal inversions are the result of specific combinations of meteorological conditions and, therefore, 

are highly correlated with meteorological variables. In this case, thermal inversions may affect labor supply by influencing meteo
rological factors. To address this, previous studies have recommended controlling for flexible weather variables (Arceo et al., 2016; 
Hicks et al., 2016) to ensure that meteorological channels are excluded. 

Another possible scenario is that thermal inversions may affect farmer labor supply by influencing other socioeconomic factors. We 
observe a clear spatial pattern of thermal inversions, where places with severe air pollution, such as the North China and Northeast 
regions, experience frequent thermal inversions (Panel A of Fig. A1). The spatial variability of thermal inversions might be related to 
the inherent socioeconomic disparities among regions, which could impact labor supply through various channels. Therefore, using 
prolonged periods of thermal inversion as IVs for long-term air pollution may not fully exclude socioeconomic factors. 

In our research, we use the number of thermal inversion events during the BFS at the county level and the cumulative number of 
thermal inversions over the year as IVs. We further strengthen the effectiveness of prolonged periods of thermal inversion as an IV for 
air pollution from two aspects. 

First, after removing county fixed effects to exclude inherent spatial differences, the remaining variation in thermal inversion 
within the county is relatively random (Panel B of Fig. A1), which better ensures the exogeneity of IV. This indicates that the prolonged 
period of thermal inversion as an effective IV for air pollution is conditional on controlling for regional fixed effects. Recent literature 
also supports this point (Arceo et al., 2016; Chen et al., 2021). 

Second, we use annual data to further analyze the time trend of thermal inversion and its relationship with economic activities. The 
time trend graph shows that although GDP has an obvious increasing trend over the years, the level of thermal inversion remains stable 
and fluctuates smoothly. This provides evidence that thermal inversions there are unlikely to be correlated with socioeconomic ac
tivities (Fig. A2). 

2.3. Empirical model 

To test the two theoretical hypotheses, we need to establish three types of empirical relationships: 1) the linkage between air 
pollution and agricultural labor supply; 2) the linkage between air pollution and non-agricultural labor supply; 3) the linkage between 
air pollution and either labor income or income structure. Among these, the empirical results of 1) and 2) support Hypothesis 1, while 
the empirical results of 3) support Hypothesis 2. 

Considering that we need to base our empirical models on consistent settings to compare the differential impacts of air pollution on 
different outcomes, as variations in estimation results could arise from different model specifications, we will describe the empirical 
model using 1) the empirical setting of air pollution’s impact on agricultural labor supply as an example. 

We adopted a standard Two-stage least squares (2SLS) procedure for implementing the instrumental variables (IV) estimation. 
Specifically, we firstly investigated the marginal impact of air pollution on farmer labor supply at the intensive margin by considering 
the busy farming season (BFS) of each farmer and examining the impact of air pollution during those periods. We constructed the 
following models: 

WHit = β0 + β1 P̂ct(i) +Wct(i)θ+φi + γpt + ϵit (1)  

Pct(i) = α0 + α1Ict(i) +Wct(i)ϑ+φi + γpt + μit (2) 

The dependent variable WHit in Eq. (1) denotes the working hours per day of farmer i applied to agriculture during his/her BFS in 
year t. Even in the same year (t), the BFS for different farmers (i) may correspond to different months. Therefore, in Eqs. (1) and (2), we 
use t(i) to indicate the different periods corresponding to the BFS for different farmers in the same year. The key explanatory variable 
Pct(i) represents the county (c)-average PM2.5 during farmer i’s BFS in year t. 

Wct(i) denotes a set of weather variables that are constructed in the same manner to Pct(i), including temperature, precipitation, 
relative humidity, sunshine duration, wind speed, and air pressure. To better capture the arbitrary nonlinear effects of weather var
iables, we have constructed flexible bins for each 3 ◦C temperature, each 1 m/s wind speed, and every 10% relative humidity. Other 
climatic variables were modeled using both their linear and quadratic terms. As discussion above, flexible weather controls are 
important for ensuring the IV’s exclusion restriction. 

We use the accumulated number of thermal inversion occurrences during each farmer’s BFS to instrument the endogenous variable 
Pct(i). Thermal inversions are defined as occurring in either a 24-h interval (as a baseline) or a 6-h interval (as a robustness check). Since 
the BFS duration differs among farmers, a higher number of thermal inversions occurring during this period may be due to some 
farmers having longer BFS durations. To accurately reflect the intensity of inversions during the BFS period while controlling for the 
effect of the BFS duration, we use the monthly average accumulated number of inversions during the BFS period to construct the 
variable Ict(i). 

In Eqs. (1) and (2), the individual fixed effect φi removes all time-invariant unobservable factors. Furthermore, the province-by- 
year fixed effects are incorporated to account for socioeconomic factors that change with both province and time. While the 
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county-by-year FE is advantageous in excluding other socioeconomic variables, it also removes the effective variation of BFS at the 
county-year level, resulting in estimation results that only explain the BFS changes of a small number of remaining farmers in each 
county.5 Therefore, in our methodology, we chose province-by-year FE instead of county-by-year FE as baseline results, although the 
latter is typically used to control for unobserved confounding factors. However, we employed an identification strategy (IV strategy) to 
ensure that potential omitted variables do not bias our estimated coefficients. 

Next, we investigated the impact of air pollution on farmer labor supply at the extensive margin by taking into account the total 
number of days that farmers work in agriculture throughout the entire year and examining how air pollution affects this measure over 
the entire year. We constructed the following models: 

WDit = β0
′ + β1

′P̂ct +Wctθ′ +φi + γpt + ϵict (3)  

Pct = α0
′ +α1

′Ict +Wctϑ′ +φi + γpt + μict (4)  

The dependent variable WDit in Eq. (3) denotes the total number of days that farmer i spent on agricultural work in year t. The key 
explanatory variable, namely Pct, measures the county (c)-year(t) averaged PM2.5. The individual fixed effect φi and the province-by- 
year fixed effects γpt are in line with Eqs. (1) and (2) Weather controls Wct and thermal inversions Ict in Eqs. (3) and (4) were con
structed in the same manner as Pct at the county-year level. 

We are interested in the estimated coefficients of β1 and β1
′. The economic interpretation of β1 is the marginal effect of air pollution 

on the intensive margin (measured by the number of hours per day farmers performed agricultural work during their BFS) of farmer 
labor supply, whereas β1

′ is the extensive margin (measured by the number of days farmers performed agricultural work during the 
entire year) of farmer labor supply in response to air pollution. 

Based on the model specifications derived from Eqs. (3) and (4), replacing the dependent variable WDit with the number of days 
farmers engage in non-agricultural employment allows for an empirical examination of the causal impact of air pollution on farmers’ 
non-agricultural employment. Similarly, by further replacing the dependent variables with farmers’ income and income structure, we 
can also investigate the differential effects of air pollution on farmers’ income and income structure. 

3. Data 

3.1. Data sources and variable construction 

3.1.1. CLDS data and sample selection  

• Introduction to the CLDS data 

The China Labor-Force Dynamic Survey (CLDS)6 is a national labor force tracking survey conducted by the Sun Yat-sen University 
Social Survey Center. It monitors the social structure of villages/communities and tracks changes in households and labor individuals, 
generating tracking databases at three levels: labor force, household, and community. 

Using a stratified random sampling principle, the survey samples are selected by first choosing a sample county, followed by a 
sample village within the county, and finally selecting 30 households at random in the selected village. The baseline survey of CLDS 
covers 29 provinces, 256 counties, and 10,612 households, with a questionnaire survey conducted for household members aged 15–64 
in the sample households. To ensure the sample distribution of the data is consistent with China’s population distribution, the 
weighting used in the sampling is matched to individual information from the 2010 sixth national population census (Fig. 1). 

The survey has been conducted every two years since 2012, and as of now, four rounds of data collection have been completed 
(2012, 2014, 2016, and 2018). Data for the first three rounds have been made public, while data for 2018 has not been released due to 
issues with the data. The 2012 survey collected 16,253 samples, and each subsequent survey produced three types of samples: suc
cessfully tracked, new, and lost. The sample loss situation for each survey period is summarized in Table A1, with follow-up rates of 
61% for 2012 and 2014, and 42% for 2014 and 2016. The follow-up rate for all three surveys7 conducted in 2012, 2014, and 2016 was 
27%. 

For this study, only the data from 2014 and 2016 were used, as the 2012 survey did not include questions about BFS and agri
cultural labor hours, which are crucial for the research purposes. Although the latest CLDS survey data from 2018 has been completed, 
it is not publicly available and thus currently unavailable to us. 

5 This could potentially result in the local average treatment effect (LATE) problem, as discussed by Imbens and Angrist (1994). For a more 
detailed examination of the decision between county-by-year FE and province-by-year FE, please see Online Appendix 2.  

6 The questionnaire and data can be downloaded online https://ssa.sysu.edu.cn/article/1994.  
7 In the context of the CLDS as a household survey, interviews with various respondents occur throughout the year. The majority of interviews 

happen in July and August, coinciding with the summer vacation period, facilitating large-scale surveys involving students (see Figure A9 for 
interview distribution). 
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• Farmer selection 

Our definition of “farmers” in the sample encompasses anyone who has engaged in agricultural production activities in any period 
of the CLDS surveys. Specifically, the 2014 and 2016 CLDS sample included approximately 44,680 respondents. 

We first categorized the respondents into “employed” and “unemployed” based on their employment status. “Employed” refers to 
those who engage in income-generating activities, including farming, part-time work, helping family businesses, but not including 
volunteering, student work, volunteering, and household chores. A total of 30,653 individuals answered this question, with 92.7% 
classified as “employed” and 7.3% as “unemployed”. 

Then, we classified the employed respondents into “1 employees; 2 employers; 3 self-employed; 4 farmers”. The proportions of the 
four types of employment among the employed respondents are 42.6%, 1.9%, 12.8%, and 42.6%, respectively. Only those respondents 
who answered “4 farming” (referring to those engaged in agricultural production activities) were included in our research sample. This 
group comprises approximately 12,802 individuals. 

Only respondents who answered “4 farming” were further asked about “the number of days spent on agricultural production in the 
past year”, “the busy farming season (months) in the year”, and “the number of hours spent doing agricultural work per day during the 
BFS in the past year”. These are the key issues that this study focuses on. We define this group of respondents as the “farmer” sample. 
Due to farmers’ tendency to omit answers to different questions, we were able to extract a total of 11,656 research samples that 
provided complete responses to all key questions. 

Finally, based on the 11,656 “farmer” sample, we identified logical inconsistencies between variables.8 We further removed these 
problematic samples, resulting in a final sample of 10,516 valid samples.9 Ultimately, our research sample comprises approximately 
34.9% of the entire sample. 

3.1.2. Busy farming seasons and agricultural labor supply  

• Busy Farming season 

Fig. 1. Distribution of farmer sample in CLDS. 
Notes: CLDS includes 10,516 observations from farmers in 256 sample counties, with the size of the bubble corresponding to the number of ob
servations in each county. 

8 For instance, individuals who reported working on the farm for several hours every day during the BFS answered that they spent zero days 
engaged in agricultural production in the past year.  

9 Our regression analysis can be divided into two types: intensive margin regression (e.g., Table 2) and extensive margin regression (e.g., Table 3). 
These two categories involve different sample selections. The primary distinction is that intensive margin regression excludes observations of in
dividuals without employment in a given year (Obs. = 9926), whereas extensive margin regression includes such observations (Obs. = 10,516). 
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Respondents who reported their work status as “4 farming” were asked to answer the “busy farming season” (BFS) question. The 
original question in the questionnaire was “In the past year, which months were busy farming season for you?” The options provided 
were for the respondents to check the months during which their BFS occurred, from January to December. The BFS could be a 
continuous period or a single month, and farmers could have one or more BFS periods in a year. 

In the CLDS sample of farmers, the average BFS lasted for 3.5 months per year. As depicted in Fig. 2, the agricultural BFS in southern 
China typically lasts longer than that in the north due to China’s climatic conditions. Generally, the agricultural BFS in South China 
appears from March to October, while the agricultural BFS in North China is concentrated around April to September. 

However, even within the same county, different farmers have different BFSs throughout the year due to variations in planting 
types, planting structures, and available labor conditions among households. To visually demonstrate the distribution of BFS in the 
sample, we have presented a figure representation of the top 15 month-combinations of BFS answered by farmers (Panel A of Fig. A3). 
It is evident from the graph that the month-combinations of the top four BFS answered are extremely similar, with a difference of less 
than a month. For instance, for rice cultivation in China, March is typically the BFS for early rice sowing, May and June for mid-season 
rice sowing, and July and August are known as the “double busy season” for early rice harvesting and late rice sowing. Additionally, we 
have plotted the frequency of each month appearing in the BFS throughout the year (Panel B of Fig. A3). The BFS in China is spread 
across the entire year but is mainly concentrated around spring and autumn, which once again confirms the distribution of China’s 
major BFS.  

• Agricultural Labor Supply 

The CLDS is a suitable tool for our research objectives since it surveys two different measurements of farmer agricultural labor 
supply. The original questions were formulated as follows:  

•

“How many hours per day did you spend on farm work during your busy farming season in the past year?”  

•

“How many days did you spend on agricultural work in the past year?” 

The response to the first question measures farmer agricultural labor intensity during the busy farming season (at the intensive 
margin), while the answer to the second question captures farmer agricultural labor participation throughout the entire year (at the 
extensive margin). Thus, these data enable us to separately examine labor intensity and participation in response to air pollution under 
the same empirical framework. 

It should be noted that the effective sample selected in this study was from the two CLDS surveys conducted in 2014 and 2016, 
comprising those who answered the “farming” group in any of the survey periods. In multi-period tracking data, “the minimum 
working days in agriculture is 0” can occur in two cases:  

• The respondent was engaged in agricultural work in the current period but not in the previous or following period.  
• The respondent was not engaged in agricultural work in the current period but was engaged in agricultural work in the previous or 

following period. 

In this case, the number of agricultural labor days for the year when the respondent was not engaged in agricultural work will be 
assigned a value of “0”. In this study, “working days” are used to measure the extensive margin, meaning that working days need to 
include whether the respondents who once answered “4 farming” participated in “agricultural production activities” in the current 
year. 

3.1.3. Pollution data 
The PM2.5 concentration was collected from the China National Environmental Center (CNEMC).10 Starting in January 2013, the 

CNEMC began reporting real-time PM2.5 concentrations hourly for approximately 1400 monitoring stations across China. Because the 
finest granularity available in CLDS is the county level, we translated weather records from the station level to the county level using 
the inverse distance weighting (IDW) method. This method has been widely used in previous studies (Deschênes & Greenstone, 2007; 
Schlenker & Roberts, 2009) to interpolate data from pollution stations within a certain radius of the centroid of each county (50 km as a 
baseline) to the county level11 based the inverse distance between the pollution station and county centroid. 

In this study, we developed two measures of PM2.5 based on the timeframe of the dependent variables. For the intensive margin, we 
used information on the farmers’ BFS and merged the air pollution data for each farmer during their respective BFS. For the extensive 
margin, we used the annual average PM2.5 concentration of the county corresponding to the farmer’s working days in agriculture 
throughout the year. 

10 Pollution data can be obtained from http://www.cnemc.cn/.  
11 Our findings are also robust to alternative choices of radius. Results are available upon reasonable request. 
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3.1.4. Temperature inversion data 
Thermal inversion data were originally collected from Modern-Era Retrospective Analysis for Research and Applications version 2 

(MERRA-2, version 5.12.4) which was released by the National Aeronautics and Space Administration.12 MERRA-2 spatially divides 
the earth into 50 × 60 km grids and reports the air temperature for each of the 42 sea-level pressure layers in six hour intervals. 

After averaging the air temperatures across grids within each county for each layer, the occurrence of thermal inversion was 
identified when the air temperature in the first layer (110 m) was lower than that in the third layer (540 m). We define thermal in
versions in 24 h intervals (on a daily basis) by county as a baseline and all results are robust to the six hour interval definition. 

3.1.5. Weather data 
Daily weather data were downloaded from the China Meteorological Data Service Center,13 where the average temperature, wind 

speed, relative humidity, precipitation, and solar duration data recorded by 820 weather stations across China are publicly available. 
Based on the location coordinates of the weather stations and county centroids, the IDW method was adopted to convert weather data 
from the station level to the survey county level. 

We handled all meteorological variables in a manner consistent with thermal inversions (see detail in Section 2.3). To account for 
variations in the BFS among different farmers, we calculated monthly averages for all climate variables during these periods. Even 
though the duration of BFS differed among farmers, the monthly climate averages during these periods remained comparable. 

3.2. Descriptive statistics 

The descriptive statistics for the main variables used in our empirical analyses are presented in Table 1. 
In our research sample, farmers worked an average of 8.84 h per day on agricultural work during their BFS (with a standard 

deviation of 3.47 h) and the total number of days they spent on agriculture was 198.3 per year (with a standard deviation of 103.8 
days). To measure farmer labor allocation between agriculture and off-farm employment, we also report the number of days per year 
that farmers participated in off-farm work (indoor off-farm work) which was 256.35 (101.4) days per year. The changes in income 
structure corresponding to labor relocation are also a research topic worthy of follow-up empirical attention. In the CLDS survey, the 
average farmer total income 25.37 thousand yuan per year, of which agricultural income accounted for 16.01 thousand yuan per year. 

The PM2.5 concentrations at three different time intervals, namely the average PM2.5 concentration during the farmer PM2.5-BFS 
(denoted as busy farming seasons), average PM2.5 concentration during the PM2.5-SFS (denoted as slack farming season), and annual 

Fig. 2. The number of months in BFS in a year by city. 
Notes: The county-level BFS is represented by the median value of BFS at the farmer level. Given the small and dispersed nature of county-level 
spatial displays, we averaged the county-level BFS to the prefecture level to create a local map for better visualization. 

12 The data can be downloaded at https://disc.gsfc.nasa.gov/datasets/M2I3NPASM_5.12.4/summary?keyw ords = MERRA-2.  
13 Weather data can be obtained from http://data.cma.cn/. 
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average PM2.5 concentration, are also reported in Table 1. Air pollution levels during the BFS (52.55 μg/m3) are lower than during the 
SFS (75.41 μg/m3), which is unsurprising in China, where heavy air pollution tends to occur in winter, particularly during heating 
season (Chen, Ebenstein, Greenstone, & Li, 2013). Overall, the PM2.5-BFS value of 52.55 μg/m3 is five times higher than the threshold 
recommended by the World Health Organization (10 μg/m3). 

To evaluate air pollution further, thermal inversion variables were constructed in the same manner as the PM2.5 concentration variables, 
namely the total number of thermal inversions during the BFS (denoted as Inversions-BFS), SFS (denoted as Inversions-SFS), and the entire 
year for each farmer. In this study, the number of thermal inversions was calculated daily. At the baseline, thermal inversions were judged 
every 24 h, whereas in the robustness test, inversions were judged every 6 h. There were approximately 9.23 thermal inversions every 
month (24 h samples) in the sample counties, with a slightly higher number in the SFS (mainly in winter) than in the BFS. This relationship is 
consistent with the air pollution levels in the SFS and BFS, indicating a positive correlation between inversion and air pollution. 

4. Results 

4.1. Baseline results 

Table 2 presents the baseline 2SLS estimation results for the intensive margin of farmer labor supply in response to air pollution. We 
gradually add weather controls, province-by-year fixed, and individual fixed effects in Column (1) to (3). Panel A reports the first-stage 
estimates of the 2SLS method, which establish the link between thermal inversion and air pollution levels. The results indicate that the 
occurrence of thermal inversion significantly aggravates air pollution and the KP F-statistics are much greater than the critical value of 
16.38 in the case of a single IV with a single endogenous variable (Angrist et al., 1996), indicating that thermal inversion is a valid and 
strong IV for air pollution. 

In Panel B, one can see that air pollution during the BFS induces a decrease in farmer working hours spent on agriculture. The 
significance and direction of the estimated coefficients are stable across the model specifications in Column (1) to (3). We favor the 
magnitude of the estimated coefficients in Column (3) because the covariates of this model are the most complete. Specifically, farmer 
working hours on agricultural work during their BFS decrease by 0.04 h per day for a 1 μg/m3 increment in PM2.5 concentration. These 
effects can be interoperated as intensive margins (Hanna & Oliva, 2015) because they measure changes in labor intensity (rather than 
labor participation) during the BFS. The magnitude of this marginal effect is comparable to previous literature. As shown in Table A4, 
our estimation results are very close to the conclusions of past studies on China. Even compared with the conclusions of studies on 
other countries and regions, the results are in the same order of magnitude. 

For comparison, we also report the OLS estimates in Column (4). Without considering endogeneity, we cannot identify a significant 
link between air pollution and farmer labor supply. This also indicates that endogeneity leads to an upward bias in estimation, which is 
consistent with our previous logical analysis in Section 2.2. 

We then estimated the extensive margin of farmer agricultural labor supply in response to air pollution in the same manner shown 
in Table 2. Because farmer working days spent on agriculture during the entire year represent their labor participation in the agri
cultural sector, this can be considered as the extensive margin of labor supply in agriculture. Column (3) in Table 3 reveals that farmer 
working days spent on agriculture significantly decrease by 4.58 days for a 1 μg/m3 increase in average PM2.5 concentration 
throughout the year. Based on the results in Tables 2 and 3, it can be concluded that air pollution induces a reduction in both agri
cultural labor participation and intensity, ultimately reducing the supply of agricultural labor. 

We did not find directly comparable literature results on the reasonableness of the Extensive margin coefficient size due to the 
technical difficulty in studying labor participation and intensity simultaneously. Most of the literature selects industries with low labor 
supply elasticity to avoid the influence of air pollution on labor participation and focuses on the impact of air pollution on labor 
intensity. For instance, previous studies on workers responsible for packaging in a pear factory (Chang et al., 2016), hotline operators 
(Chang et al., 2019), and farmers during busy seasons (Zivin & Neidell, 2012) have highlighted that these workers have to work every 

Table 1 
Summary statistics.  

Variable Definition (Unit) Mean SD Min Max Obs. 

Individual employment and income      
Working hours-BFS The number of hours in agricultural work during BFS (hours/day) 8.84 3.47 1 19 9926 
Working days The number of days in agricultural work in the year (days/year) 198.3 103.8 0 365 10,516 
Total income Total income (Agricultural + Wage + Self-employment) (1000 yuan/year) 25.37 44.94 0 1020 10,516 
Agricultural income Total agricultural income (1000 yuan/year) 16.01 30.47 0 800 10,516 

Air pollution       
PM2.5-BFS Average PM2.5 concentration during busy farming seasons (μg/m3) 52.55 24.06 13.7 115.9 9926 
PM2.5-SFS Average PM2.5 concentration during slack farming seasons (μg/m3) 75.41 41.47 11.3 221.8 9926 
PM2.5 Annual average PM2.5 concentration in the whole year (μg/m3) 64.10 23.44 25.32 129.6 10,516 

Thermal inversion (daily measurement)      
Inversions-BFS The number of inversions during busy farming seasons (number/month) 7.75 5.74 0 29.25 9926 
Inversions-SFS The number of inversions during slack farming seasons (number/month) 10.34 6.59 0 30 9926 
Inversions The number of inversions in the whole year (number/month) 9.23 5.09 0.42 22.58 10,516 

Notes: Summary statistics is based on farmer respondents in CLDS 2014 and 2016. Descriptive statistics for weather variables and date characters are 
reported in details in Table A1. Descriptive statistics for weather and socioeconomic variables are reported in details in Table A2 and Table A3. 
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day and their discretion over labor participation is generally limited, but they can adjust labor intensity, which researchers can use to 
measure labor intensity. 

Despite the lack of directly comparable literature results, we assessed the reasonableness of the coefficient size from both statistical 
significance and intuition. Firstly, we noted that the standard deviation (SD) of PM2.5 in the statistical description table is 24.2, but this 
mainly reflects spatial differences rather than changes within the county. We determined that the SD of air pollution variation within 
the county between different years was only 3.4, indicating that the variation in air pollution within the county between different years 
is minimal. Therefore, the estimation coefficient of the Extensive margin regression primarily represents the marginal impact of air 
pollution increase within the county on farmers’ agricultural labor participation. Secondly, we considered the intuition behind the 
coefficient size. To increase the annual average PM2.5 in a county by 1 unit, it would require a continuous increase of 1 unit every day 
for 365 days or the occurrence of continuous heavy air pollution for some days. Based on these two points, we conclude that the 
relatively large marginal impact observed in the Extensive margin regression is reasonable. 

4.2. Robustness checks 

In Table 4, we present a series of robustness checks to ensure that the baseline findings are not driven by variable definitions, model 
specifications, or significance biases. For ease of comparison, we present the baseline results in Column (1) and report the robustness 

Table 2 
Regression results for intensive margin.   

2SLS OLS  

(1) (2) (3) (4) 

Panel A: 1st-stage estimation Dependent variable: PM2.5-BFS 

Inversions-BFS 0.0530*** 0.0728*** 0.0724** –  
(0.0065) (0.008) (0.0292) – 

KP F-statistics 453.0 387.4 61.7 –   

Panel B: 2nd-stage estimation Dependent variable: Working hours-BFS 

PM2.5-BFS − 0.0206** − 0.0310** − 0.0437** − 0.0102  
(0.0087) (0.0138) (0.0203) (0.0063) 

Weather controls Yes Yes Yes Yes 
Province-by-year FE No Yes Yes Yes 
Individual FE No No Yes Yes 

Notes: N = 9926. We merge air pollution, weather conditions, and thermal inversions for each farmer during their BFS. Weather controls include 
temperature, relative humidity, sunshine duration, wind speed, precipitation, and air pressure. To capture the potential nonlinear impacts of 
meteorological variables more accurately, we have created flexible bins for each 3 ◦C temperature, each 1 m/s wind speed, and every 10% relative 
humidity, respectively. Other climatic variables were modeled using both their linear and quadratic terms. Standard errors are clustered at county 
level, and are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 

Table 3 
Regression results for extensive margin.   

2SLS OLS  

(1) (2) (3) (4) 

Panel A: 1st-stage estimation Dependent variable: PM2.5 

Inversions 0.7633*** 0.9236*** 1.7796*** –  
(0.0284) (0.0235) (0.6199) – 

KP F-statistics 226.9 80.4 53.5 –   

Panel B: 2nd-stage estimation Dependent variable: Working days 

PM2.5 − 1.3240*** − 2.2926*** − 2.7508** − 0.7579  
(0.4283) (0.8227) (1.0888) (0.8081) 

Weather controls Yes Yes Yes Yes 
Province-by-year FE No Yes Yes Yes 
Individual FE No No Yes Yes 

Notes: N = 10,516. We merge air pollution, weather conditions, and thermal inversions for each county by years. Weather controls include tem
perature, relative humidity, sunshine duration, wind speed, precipitation, and air pressure. To better capture arbitrary nonlinear effects of weather 
variables, we construct flexible bins for each 3 ◦C temperature, each 1 m/s wind speed, and every 10% relative humidity, respectively. Other climatic 
variables were modeled using both their linear and quadratic terms. Standard errors are clustered at county level, and are reported in parentheses; *** 
p < 0.01, ** p < 0.05, * p < 0.1. 
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checks in Columns (2) to (5). 
At the baseline, we counted the number of thermal inversions in 24 h intervals. To verify the validity of the IV further, we 

recalculated the total number of temperature inversions in 6 h intervals and performed 2SLS regression again. The estimation results 
reported in Column (2) confirm that our baseline findings, including the direction, significance, and magnitude of the estimated 
coefficient, as well as the first-stage KP F-statistics, are all stable for the alternative definition of the IV. 

To verify that the results are not driven by a few counties with intensive inversions (Hicks et al., 2016). In Column (3), we re- 
estimated our model after excluding regions that never experienced temperature inversion, as well as regions where temperature 
inversion was frequent (representing >95% of the sample). Encouragingly, the findings from this analysis were consistent with our 
baseline results. 

For the baseline, we used the most representative air pollutant of PM2.5 to measure air pollution. As a robustness check, a composite 
measurement of air pollution, namely the air pollution index (AQI), was considered. The results present in Column (4) reveal the same 
findings as the baseline results. 

As discussed in Section 2.2, it is very important to control for flexible weather conditions when inversion is considered as an IV. 
Therefore, we adopted the setting of weather variables in our baseline regression, where every 3 ◦C temperature interval was defined as 
a criterion for constructing temperature bin variables. Column (5) indicates that our results are robust to a cruder criterion, namely 
10 ◦C temperature intervals. In other words, the weather variables in our baseline regression were sufficiently flexible. 

In addition to the robustness check, Table A5 further presents the results of placebo tests using mismatched time windows for air 
pollution. For the intensive margin regression, Columns (1) and (2) show that farmer working hours during their BFS are insensitive to 
either PM2.5 during their SFS (Column (1)) or PM2.5 during their BFS, but in the preceding year (Column (2)). Similarly, for the 
extensive margin regression in Column (3), farmer working days spent on agriculture during the entire year are also unresponsive to 
future air pollution. 

To rule out the concern that air pollution may affect farmers’ BFS, causing an endogeneity problem, we constructed regression 
analysis to test if air pollution affects the changes in the BFS from two angles. Firstly, we summed up the number of months covered by 
farmers’ BFS in a year to examine whether air pollution would extend or shorten the busy season. As shown in Column (1) of the 
Table A6, air pollution levels did not significantly affect the length of the BFS in a year. Secondly, we examined whether air pollution 
would cause farmers to advance or postpone their BFS. Specifically, we used two dummy variables based on a sample of 2506 farmers 
successfully tracked in both 2014 and 2016 to determine whether they advanced or postponed their first BFS month in 2016 compared 
to 2014. In Columns (2) and (3) of the Table A6, we tested whether changes in air pollution would lead to adjustments in the BFS by 
using the difference between the local air pollution level in 2016 and that in 2014. The results show that changes in air pollution did 
not significantly cause farmers to advance or postpone their busy seasons. 

4.3. Labor relocation effect 

The main idea behind Proposition 1 from Section 2.1 is that air pollution induces changes in farmers’ labor supply, which result in 
labor force relocation. Table 5 presents the empirical results that test this proposition by examining the labor relocation effect under air 
pollution, both between sectors (agriculture versus off-farm employment) and between different job categories within the off-farm 
sector (indoor versus outdoor work). 

For easy comparison, in Column (1), we present the baseline estimation results for the extensive margin regression in Panel B of 

Table 4 
Robustness checks.   

Baseline Alternative IVs Removed outliers 
(Keep 5% - 95%) 

Alternative pollutant Alternative weather  

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

Panel A: Dependent variable: Working hours-BFS (Intensive margin) 
Air pollution-BFS − 0.0437** − 0.0449** − 0.0448** − 0.0358** − 0.0462**  

(0.0331) (0.0223) (0.0224) (0.0178) (0.0235) 
KP F-statistics 61.7 51.7 39.6 34.6 43.9  

Panel B: Dependent variable: Working days (Extensive margin) 
Air pollution − 2.7508** − 3.0141** − 3.2557*** − 2.9628*** − 3.1077**  

(1.4608) (1.2753) (1.1194) (1.0451) (1.5793) 
KP F-statistics 53.5 42.8 60.0 54.6 19.1 
Scenarios      
Type of Air pollution PM2.5 PM2.5 PM2.5 AQI PM2.5 

Weather 3 ◦C Temp bins 3 ◦C Temp bins 3 ◦C Temp bins 3 ◦C Temp bins 10 ◦C Temp bins 
Clustering County - BFS County - BFS County - BFS County - BFS County - BFS 
Inversion 24-h measure 6-h measure 24-h measure 24-h measure 24-h measure 

Notes: N = 9926 for extensive margin and N = 10,516 for extensive margin. Consistent with the baseline model, all regression models incorporate 
weather controls, province-by-year FE, and individual FE, unless otherwise indicated. Panel A displays the estimates of the intensive margin re
gressions, while Panel B presents the estimates of the extensive margin regressions. The first-stage estimation outcomes are available from the authors 
upon request. Standard errors are clustered at county level, and are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table 3. Columns (2) and (3) report the estimates of the effects of air pollution on farmers’ off-farm employment participation (Column 
(2)) and off-farm working days (Column (3)) during the year. The results show that for a 1 μg/m3 increase in annual average PM2.5, the 
probability of farmers participating in off-farm employment increases by 0.88%, and their off-farm working duration increases by 2.6 
days per year. 

In Columns (4) to (7), we divide off-farm employment into indoor and outdoor work. We observe an increase in the probability of 
farmers participating in off-farm employment, and the number of days they participate in off-farm employment is dominated by indoor 
work. Indoor work is less exposed to air pollution, which is direct evidence that farmers avoid air pollution damage through labor 
allocation. In contrast, farmers’ participation in outdoor work and working hours show a negative (though not significant) response to 
air pollution. 

To further enhance the empirical evidence in Table 6, we differentiate the industries of off-farm employment. The results indicate 
that air pollution significantly promotes the employment and labor intensity of farmers in the manufacturing and service industries 
(Columns (1) to (4)), but significantly reduces their employment and labor intensity in the construction industry (Columns (5) to (6)). 
These results can be attributed to the different levels of air pollution exposure in workplaces in different industries. The manufacturing 
and service industries mainly use indoor workplaces, unlike the construction industry. 

In terms of public awareness, indoor air pollution in workplaces has garnered increasing attention and has been addressed to 
varying degrees (Ji, Li, Zhao, & Deng, 2018).14 The evidence from Table 5 and Table 6 indicates that Chinese farmers avoid air 
pollution damage through labor relocation by reducing their participation and labor intensity in agriculture and correspondingly 
increasing their participation and labor intensity in indoor non-agricultural employment. 

4.4. Income effect 

To empirically test Proposition 2 from Section 2.1, we examined whether farmers’ income structures changed due to labor relo
cation. We established an empirical connection between air pollution and four categories of farmer income: total income, agricultural 
income, off-farm income, and self-employment income. Since off-farm employment depends on industry rather than spatial bound
aries, and air pollution varies regionally, our regression analyses focused solely on farmers’ off-farm employment within the county. 

The results presented in Column (1) of Table 7 demonstrate that air pollution led to a significant 14.5% reduction in total farmer 
income. This reduction is evident in the simultaneous decline in both agricultural and non-agricultural income, as indicated in Col
umns (2) and (3). This suggests that farmer labor reallocation primarily aims to avoid exposure to poor air quality rather than 
increasing income. It also implies that when farmers adjust their labor allocation away from the equilibrium due to air pollution, 
restoring equilibrium would result in utility losses for farmers due to the income loss associated with avoidance behaviors. 

4.5. Mechanisms 

In this section, we explore two important channels that support our research - health and productivity - through which air pollution 
affects farmers’ labor supply and allocation. 

Firstly, we conducted tests on the health channel using both direct and indirect evidence. For the direct channel, we utilized health 
variables from the CLDS questionnaire and found that air pollution directly impacts farmers’ self-rated health and increases their 
susceptibility to illness (Columns (1) and (2) in Table 8). For the indirect channel, we investigated the impact of air pollution during the 
slack farming season (SFS) on labor supply during the subsequent busy farming season (BFS). We found that even if air pollution during 
the SFS affects farmers’ health status, they still need to reduce their labor supply during the following BFS. This indicates that the 
continuous impact of air pollution on labor supply is actually achieved through its effect on farmers’ health (Table A7). 

Secondly, we tested the agricultural productivity channel using both subjective and objective indicators. Regarding the subjective 
indicators, we further used two questions on the CLDS questionnaire about how health affects labor productivity, namely,  

•

“In the past month, has your work or other daily activities been affected by health problems?”  

•

“In the past month, have your work or other daily activities been affected by emotional problems (such as feeling depressed or 
anxious)?” 

Our results showed that air pollution significantly affects farmers’ self-rated productivity and work status negatively (Columns (4) 
and (5) in Table 8). Regarding the objective indicators, we constructed the unit labor wage, as suggested by Chang et al. (2016) and 
Zivin & Neidell, 2012, to reflect farmers’ agricultural labor productivity. By dividing farmers’ annual agricultural income by their 
agricultural labor days, we obtained their daily agricultural income, which represents their agricultural labor productivity. Our 
findings showed that air pollution significantly reduces the unit labor income of agricultural labor; for every 10-unit increase in air 

14 For example, researches by Sun, Kahn, and Zheng (2017) and Zhang and Mu (2018) suggest that air purifiers and ventilation systems are 
increasingly used in indoor workplaces. 
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pollution, farmers’ daily agricultural income decreases by 4.7% (Columns (3) in Table 8). 

4.6. Additional evidence 

To provide additional evidence, we distinguished between non-agricultural employment within counties and across counties and 
explored the differential impacts of air pollution on these two types of employment. This analysis was motivated by the intuition that 
farmers may be able to reduce their exposure to air pollution during agricultural work by transitioning to non-agricultural employ
ment. To this end, we identified two options for farmers: they can shift to non-agricultural sectors within their own county, where the 
air pollution level may be similar, but indoor work eliminates the need for outdoor work, reducing their exposure to air pollution. 
Alternatively, they can transition to non-agricultural sectors in other counties, which enables them to avoid local air pollution alto
gether and further reduce their exposure. 

If our hypothesis is valid, then air pollution should increase farmers’ participation in non-agricultural employment, with a greater 
marginal impact on their involvement in non-agricultural employment outside their own counties. Our results support this hypothesis, 
as we found that the marginal effect of air pollution on farmers who shifted to non-local non-agricultural employment was greater than 
that on those who shifted to local non-agricultural employment. This finding suggests that, when faced with air pollution, farmers 
prefer to avoid both local pollution and outdoor exposure by moving away from agriculture and engaging in non-agricultural 
employment elsewhere (Table A8). 

Table 5 
The effect of air pollution on farmers’ labor allocation.  

Dependent variable: Working days Participate Working days Participate Working days Participate Working days  

Agriculture Off-farm Indoor off-farm Outdoor off-farm  

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

PM2.5 − 2.7508** 0.0088* 2.6234* 0.0099** 2.8006** − 0.0011 − 0.1913  
(1.0888) (0.0047) (1.5318) (0.0044) (1.3074) (0.0016) (0.5256) 

KP F-statistics 53.5 56.7 56.7 56.7 56.7 56.7 56.7 
Mean [SD] of D⋅V. 198.30 [103.80] 0.04 [0.20] 248.55 [99.39] 0.02 [0.15] 256.35 [101.41] 0.02 [0.14] 238.27 [99.27] 

Notes: N = 10,516. Research samples in this table are based only on our defined “farmer” sample. For a comprehensive definition and statistical 
depiction of the dependent variables mentioned in the table, please refer to Table A3. Consistent with the baseline model, all regression models 
incorporate weather controls, province-by-year FE, and individual FE. Standard errors are clustered at county level, and are reported in parentheses; 
*** p < 0.01, ** p < 0.05, * p < 0.1. 

Table 6 
The effect of air pollution on farmers’ off-farm work by industry.  

Dependent variable: Participate Working days Participate Working days Participate Working days Participate Working days  

Manufacturing Services Construction Transportation  

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

PM2.5 0.0022** 0.9866** 0.0064** 1.6035** − 0.0058*** − 1.0031** − 0.0007 0.1375  
(0.0011) (0.4380) (0.0031) (0.6759) (0.0022) (0.4633) (0.0011) (0.2847) 

KP F-statistics 56.7 56.7 56.7 56.7 56.7 56.7 56.7 56.7 
Mean [SD] of D.V. 0.01 [0.08] 265.55 [91.61] 0.01 [0.11] 277.93 [74.11] 0.01 [0.01] 218.79 [101.09] 0.01 [0.05] 263.72 [80.39] 

Notes: N = 10,516. Research samples in this table are based only on our defined “farmer” sample. For a comprehensive definition and statistical 
depiction of the dependent variables mentioned in the table, please refer to Table A3. Consistent with the baseline model, all regression models 
incorporate weather controls, province-by-year FE, and individual FE. Standard errors are clustered at county level, and are reported in parentheses; 
*** p < 0.01, ** p < 0.05, * p < 0.1. 

Table 7 
The effect of air pollution on farmers’ income.  

Dependent variable: Log (Total income) Log (Agricultural income) Log (Off-farm income)  

(1) (2) (3) 

PM2.5 − 0.1343** − 0.1570** − 0.1184*  
(0.0600) (0.0749) (0.0718) 

KP F-statistics 77.0 77.0 83.8 
Mean [SD] of D.V. 9.31 [2.77] 4.44 [4.66] 10.02 [1.05] 
Observation 10,416 10,416 10,416 

Notes: This table includes only those farmers who are working within their respective counties of residence. Total income comprises agricultural 
income, off-farm income (such as wages, bonuses, subsidies, personal income tax deductions, social insurance, and housing provident fund). 
Consistent with the baseline model, all regression models incorporate weather controls, province-by-year FE, and individual FE. Standard errors are 
clustered at county level, and are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Finally, we conducted a series of heterogeneous analyses based on farmers’ health status, income level, and interpersonal re
lationships to examine whether the effect of air pollution on farmers’ labor supply varies across different subgroups. The detailed 
discussion and results of these analyses can be found in Online Appendix 3. Additionally, we tested the regional heterogeneity of the 
impact of air pollution on farmers’ agricultural labor supply by constructing interaction terms between regional dummies and air 
pollution (or thermal inversions. Based on the regional differences in this impact, combined with the variations in average pollution 
and inversion levels in each region, we provided empirical support for the nonlinear effect of air pollution on farmers’ labor supply. For 
a detailed discussion of this matter, please refer to Online Appendix 3. 

5. Discussions and conclusions 

There is a wealth of evidence demonstrating that individuals adopt avoidance behaviors to mitigate the harm of air pollution (Bayer 
et al., 2009; Chang et al., 2018; Chen et al., 2021; Ito & Zhang, 2020; Zhang & Mu, 2018). Our research, which examined a two-period 
individual-level panel dataset from China, confirms that farmers also engage in avoidance behaviors in response to air pollution. We 
found that farmers reduce their labor supply in agriculture, both in terms of working hours during their BFS at the intensive margin and 
working days in agriculture throughout the year at the extensive margin. Furthermore, farmers shift their labor from agriculture to off- 
farm employment, particularly indoor work, to mitigate the damage caused by pollution, despite the resulting changes in their income 
structure. 

Our findings extend the existing literature on air quality valuations associated with low-income and vulnerable groups, which 
facilitates a more comprehensive cost-benefit analysis of environmental policies. In recent years, more studies have emerged that 
provide air quality valuations based on the negative externality of air pollution induced by aversion behaviors (Chang et al., 2018; Ito 
& Zhang, 2020; Khanna et al., 2021; Zhang & Mu, 2018). For instance, Khanna et al. (2021) found that pollution alters the spatial 
pattern of skilled and unskilled workers, leading to higher returns to skilled positions in cities, where educated individuals tend to 
migrate. Likewise, Zhang and Mu (2018) discovered that Chinese urban residents buy particulate-filtering facemasks to safeguard 
themselves against ambient air pollution. This study sheds light on avoidance behaviors in a low-income group in the developing 
world, making a contribution to a more accurate policy evaluation when considering aversion behaviors, particularly those of the 
farmer group. 

From the perspective of labor economics, an increasing number of scholars have pointed out the considerable influence of envi
ronmental factors on agricultural labor allocation between farm work, off-farm employment, and leisure time (Colmer, 2021; Hoang 
et al., 2020; Huang et al., 2020; Karadja & Prawitz, 2019). Huang et al. (2020) identified a long-term effect of climate change on the 
labor market, where an increase in temperature decreases the time allocated to farm work while increasing the time allocated to off- 
farm work. Hoang et al. (2020) discovered that a large-scale marine environmental crisis had negative and uneven impacts on fishery 
income and employment. Because farmers are more vulnerable to environmental factors than the rest of the population, research has 
revealed the crucial topic of environmental justice. This study advances this issue and highlights air pollution has an impact on farmer 
labor allocation, as well as economic consequences. 

This paper has three limitations. Firstly, it concerns measurement errors, which are common when farmers are required to recall 
their previous year’s BFS while responding to the questionnaire. Our study discovered that respondents in our sample had to recall 
information from an average of eight months ago (Fig. A8), inevitably introducing recall bias.15 Secondly, our sample consists of 

Table 8 
Mechanisms.  

Dependent variable: Health channel Productivity channel 

Self-rated health 
(Level 1–5) 

Illness 
(0: No; 1: Yes) 

Daily earning 
(1000 yuan/day) 

Work affected by health 
(1: very often - 5: not at all) 

Work affected by emotion 
(1: very often - 5: not at all)  

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

PM2.5 − 0.0272** 0.0154** − 0.0047** − 0.0350** − 0.0279**  
(0.0136) (0.0065) (0.0023) (0.0118) (0.0129) 

KP F-statistics 23.6 85.4 32.6 23.6 23.6 
Mean [SD] of D.V 3.42 [1.03] 0.09 [0.28] 0.07 [0.10] 4.06 [1.11] 4.26 [0.95] 
Observation 10,516 11,651 10,774 10,516 10,516 

Notes: N = 10,516. The health-related variables in this table, such as “Self-rated health”, “Work affected by health”, and “Work affected by emotion”, 
ask about the respondents’ conditions in the past month. The variable “Illness” asks about the respondents’ conditions in the past two weeks, while the 
productivity-related variable “Daily earning” asks about the respondents’ conditions in the last year. Accordingly, we constructed the regression using 
PM2.5 and thermal inversion in the same period. The other settings of the regression model in this table, including weather controls, province-by-year 
FE, and individual FE, are identical to those of the baseline regression model. Standard errors are clustered at the county level and are reported in 
parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 

15 Addressing this challenge is difficult, as any bias in the BFS would result in biased air pollution calculations for that period, leading to mea
surement errors associated with the key explanatory variable. Another issue is that farmers may have inconsistent understandings of the number of 
days worked per year and the number of hours worked per day during the busy farming period. In the context of this study, such inconsistencies 
represent measurement errors based on the dependent variable, although the problem is relatively minor. 
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farmers continuously or previously involved in agricultural production during the study period. This excludes most migrant workers 
who have transitioned to non-agricultural jobs while no longer actively farming. These farmers do not fully represent the broader 
population of rural migrant workers; instead, they primarily engage in agriculture while occasionally participating in non-agricultural 
work. Thirdly, the paper’s narrative may appear disconnected from the institutional details of the agricultural process, a critique often 
leveled at economists by non-economists. Although we have incorporated explanatory cases into the paper, they remain insufficient. 

Data availability 

Data will be made available on request. 
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Fig. A1. Spatial distribution of thermal inversion. 
Notes: This map displays the spatial distribution of thermal inversions in China, based on the average levels from 1980 to 2016. Panel A shows the 
annual average intensity of thermal inversions at the county level, where the intensity of inversion refers to the temperature difference in Celsius 
(◦C) between the second layer (320 m) and the first layer during the occurrence of this phenomenon. Panel B presents the residual variation in the 
average intensity of the inversion after removing the county-level FE and year FE.  

Fig. A2. Time trend of thermal inversions and GDP in China. 
Notes: This figure illustrates the time trend of China’s average annual frequency of thermal inversions (accumulated days/county/year) and annual 
GDP (billions of dollars/year) from 1980 to 2017. The connected curve represents the trend of thermal inversions, while the bars represent the level 
of GDP.   
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Fig. A3. Distribution of BFS 
Notes: Panel A of the figure illustrates the top 15 month-combinations of the BFS reported by farmers in our sample. Panel B displays the frequency 
of each month in which the BFS occurs throughout the year.   
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Fig. A4. Distribution of farmers’ BFS within the county. 
Notes: To demonstrate the variation of BFS within a county, we have selected Shuyang District in Suqian City, Jiangsu Province as an example. The 
shaded area in the chart represents the months covered by the BFS in a year, while the bars indicate the corresponding number of interviewed 
farmers during each month.  

Fig. A5. Distribution of temperature bins. 
Notes: This figure displays the distribution of temperature bins, with gray bars representing temperature bins during the BFS and red bars repre
senting temperature bins during the entire year period. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)   
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Fig. A6. Distribution of wind speed bins. 
Notes: This figure displays the distribution of wind speed bins, with gray bars representing wind speed bins during the BFS and red bars representing 
wind speed bins during the entire year period. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)  

Fig. A7. Distribution of relative humidity bins. 
Notes: This figure displays the distribution of relative humidity bins, with gray bars representing humidity bins during the BFS and red bars rep
resenting humidity bins during the entire year period. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)   
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Fig. A8. Time interval between the survey time point and the end of the BFS in the previous year. 
Notes: The bar chart depicts the distribution of the duration of time (the time interval between the survey time point and the end of the BFS in the 
previous year).  

Fig. A9. Number of People Interviewed by date. 
Notes: This figure plots the number of people interviewed in each day from May 20th 2014 to November 15th 2016 the course of our study period.  

Table A1 
Tracking loss of multiple surveys in the CLDS.  

Year 2012 2014 2016 2018 

Data disclosure Y Y Y NY 
Individual sample 16,253 23,594 21,086 UN 

Sample tracking loss – 
Tracking 9953; 
+New 13,641; -Attrition 6300 

Tracking 9228; 
+New 11,858; -Attrition 14,366 UN 

Farmer sample 4150 6705 6360 UN 

Farmer tracking loss – 
Tracking 3599; 
+New 3106; -Attrition 551 

Tracking 3270; 
+New 3090; -Attrition 3435 UN 

Question about BFS N Y Y UN 

Notes: The abbreviations “Y”, “N”, “NY”, and “UN” in this table respectively stand for “Yes”, “No”, “Not available”, and “Unknown”.  
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Table A2 
Summary statistics for weather variables.  

Variable Definition (Unit) Mean SD Min Max Obs. 

Weather variable for busy farming season      
Precipitation-BFS Average precipitation during busy farming seasons (0.1 mm) 1.36 0.98 0.02 8.67 9926 
Sunshine duration-BFS Average sunshine duration during busy farming seasons (h) 5.48 1.95 1.89 9.59 9926 
Wind speed-BFS Average wind speed during busy farming seasons (m/s) 1.94 0.71 1.00 4.22 9926 
Atmospheric pressure-BFS Average atmospheric pressure during busy farming seasons (hPa) 897.7 241.6 793.42 1028 9926 
Temperature-BFS Average temperature during busy farming seasons (◦C) 16.60 6.41 − 18.48 30.04 9926 
Relative humidity-BFS Average relative humidity during busy farming seasons (%) 64.50 19.02 32.93 90.15 9926 

Weather variable for slack farming season      
Precipitation-SFS Average precipitation during slack farming seasons (0.1 mm) 0.84 1.07 0 12.70 9926 
Sunshine duration-SFS Average sunshine duration during slack farming seasons (h) 4.57 1.90 0.59 10.74 9926 
Wind speed-SFS Average wind speed during slack farming seasons (m/s) 1.81 0.70 0.78 4.68 9926 
Atmospheric pressure-SFS Average atmospheric pressure during slack farming seasons (hPa) 903.4 243.4 794.8 1029 9926 
Temperature-SFS Average temperature during slack farming seasons (◦C) 8.60 8.63 − 14.37 31.33 9926 
Relative humidity-SFS Average relative humidity during slack farming seasons (%) 64.72 18.96 30.48 89.14 9926 

Weather variable for all year      
Precipitation Annual average precipitation (0.1 mm) 1.26 0.82 0.09 4.11 10,516 
Sunshine duration Annual average sunshine duration (h) 5.52 1.28 2.54 8.58 10,516 
Wind speed Annual average wind speed (m/s) 2.03 0.51 0.99 4.18 10,516 
Atmospheric pressure Annual average atmospheric pressure (hPa) 959.5 60.91 795.2 1019 10,516 
Temperature Annual average temperature (◦C) 14.76 4.59 1.43 23.76 10,516 
Relative humidity Annual average relative humidity (%) 68.81 8.76 41.45 82.25 10,516 

Notes: Summary statistics is based on farmer respondents in CLDS 2014 and 2016.  

Table A3 
Summary statistics for socioeconomic variables.  

Variable Definition (Unit) Mean SD Min Max 

Individual employment (by location)     
Off-farm participate Whether to participate in non-farm work (0: no; 1: yes) 0.04 0.20 0 1 
Off-farm working days The number of working days in off-farm employment (days/year) 248.5 99.4 3 360 
Indoor off-farm participate Whether to participate in indoor off-farm work (0: no; 1: yes) 0.02 0.15 0 1 
Indoor off-farm working days The number of working days in indoor off-farm employment (days/year) 256.35 101.4 3 360 
Outdoor off-farm participate Whether to participate in outdoor off-farm work (0: no; 1: yes) 0.02 0.14 0 1 
Outdoor off-farm working days The number of working days in outdoor off-farm employment (days/year) 263.72 80.4 6 360 

Individual employment (by industry)     
Manufacturing participate Whether to participate in manufacturing work (0: no; 1: yes) 0.01 0.80 0 1 
Manufacturing working days The number of working days in manufacturing employment (days/year) 265.6 91.6 60 360 
Services participate Whether to participate in services work (0: no; 1: yes) 0.01 0.64 0 1 
Services working days The number of working days in services employment (days/year) 282.9 98.1 10 360 
Construction participate Whether to participate in construction work (0: no; 1: yes) 0.01 0.98 0 1 
Construction working days The number of working days in construction employment (days/year) 256.3 101.4 6 360 
Transportation participate Whether to participate in transportation work (0: no; 1: yes) 0.01 0.48 0 1 
Transportation working days The number of working days in transportation employment (days/year) 263.7 80.4 90 360 

Mechanisms (by health and productivity)     

Self-rated health 
How is your current state of health? 
(In the past month, 1–5; 1: very bad - 5:very good) 3.42 1.03 1 5 

Work affected by health 
Have you experienced any impact on your work due to health issues? 
(In the past month, 1: very often - 5: not at all) 4.06 1.11 1 5 

Work affected by emotion 
Have you experienced any impact on your work due to emotional issues? 
(In the past month, 1: very often - 5: not at all) 4.26 0.95 1 5 

Illness 
Have you experienced any illnesses or injuries? 
(In the past two weeks, 0: No; 1: Yes) 0.10 0.30 0 1 

Daily earning 
Annual agriculture income divided by agriculture working days 
(Last year, 1000 yuan/day) 0.09 0.14 0 1.17 

Individual characters     
Health status Farmers’ overall health status (0–8, from very bad to very good) 5.26 1.91 0 8 
Income levels Monthly agricultural income-BFS (agricultural income/number of BFS months) 2.14 4.47 0 70 
Interpersonal relationship Number of local friends and acquaintances. 8.87 11.77 0 99 

Notes: N = 10,516. Summary statistics in this table is based only on farmer respondents in CLDS 2014 and 2016 (respondents who answered “4 
farmers” while answering “employed”, please refer to Section 3.1.1 in details). The retained “farmers” sample is almost entirely composed of full-time 
farmers engaged in agricultural production activities throughout the year; otherwise, they would not have answered “4 farmers.” That is to say, when 
we selected the “farmers,” we had already excluded the vast majority of rural people who primarily engaged in off-farm employment. Therefore, the 
mean value of the non-farm employment participation variable is only 0.04, meaning that only 4% of our defined “farmers” participate in non-farm 
employment. For the “Working days” variables, which measures non-farm labor days, only refers to the total number of labor days per year for those 
4% of “farmers” who participate in non-farm employment. Thus, only 440 actual farmers who participated in non-farm employment were sum
marized in this table. We classified the industries and workplace locations of workers based on specific information provided by the CLDS ques
tionnaire regarding their job content and location. For those respondents who answered “employed” to the employment status question (our 
“response 1”), the CLDS asked about the “type of employment” and “where is your workplace located.” For the former, the original questionnaire 
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asked, “What industry does your job belong to: _____? 1. Agriculture, forestry, animal husbandry, and fishery; 2. Mining; 3. Manufacturing; 4. Pro
duction and supply of electricity, gas, and water; 5. Construction; 6. Geological surveying and mapping, water conservancy management; 7. 
Transportation, warehousing, and postal and telecommunications services; 8. Wholesale and retail trade, accommodation and catering services; 9. 
Financial insurance; 10. Real estate industry; 11. Social services; 12. Health, sports, and social welfare; 13. Education, culture, art, and radio, film, and 
television industries; 14. Scientific research and comprehensive technical services; 15. National agencies, party and government agencies, and social 
organizations; 16. Other industries; 99,998. Not applicable.” We classified respondents as belonging to the manufacturing, construction, trans
portation, or service industry if they answered with the codes “3”, “5”, “7” for manufacturing, construction, and transportation industry, respectively. 
Or they answered with the codes “8”, “9”, “10”, “11”, “12”, “13”, “14”, “15” for service industry. For the latter, the original questionnaire asked, 
“Where is your workplace located: _____? 1. Outdoors; 2. Workshop; 3. Indoor business place; 4. Office; 5. Home; 6. Transportation vehicle; 9. Other 
[please specify].” We classified workers who worked outdoors as “outdoor” and those who worked in “2–5” as “indoor.”  

Table A4 
Results comparison.  

Literature Objective Air 
pollution 

Region Period Findings Our results      

A 10-unit increase in air pollution is associated to a reduction 
of 

Aragón et al. (2017) Working hours PM2.5 Peru. 2007–2011 labor working hour by 4.6% 

Labor working hours by 
4.5% 

Kim et al. (2017) Working hours API Indonesia 
1993\1997 
\2000 
\2007\2015 

labor working hour by 3.7% 

Fan & Grainger 
(2023) Working hours PM2.5 China 

2010\2012 
\2014 labor working hour by 5.4% 

Chang et al. (2019) 
Worker 
productivity API China 2010–2012 

Worker productivity by 
0.35% 

Chang et al. (2016) Hours earning PM2.5 America 2001–2003 Hours earning by 6% 
Hanna & Oliva 

(2015) 
Working hours SO2 Mexico 1989–1993 Working hours by 25% 

He et al. (2019) Daily output PM2.5 China 2014\2015 Daily output by 0.5% to 3.3% 

Notes: To facilitate a more direct comparison between the literature and our results, we converted the findings of Hanna & Oliva (2015) and Chang 
et al. (2019) into an elasticity interpretation, while we transformed the results of Chang et al. (2016), and He et al. (2019) into a semi-elastic 
interpretation. It should be noted that in the semi-elastic economic interpretation, the economic significance of the coefficient of the explanatory 
variable in different studies can be sensitively influenced by its mean and unit size. This results in the incomparability of SO2 with PM and AQI in 
Table A4, given the mean values of SO2 at 4.46 pphm (Hanna & Oliva, 2015), PM2.5 at 45.5 μg/m3 (Aragón et al., 2017), 44.27 μg/m3 (Fan & 
Grainger, 2023), and 64.10 μg/m3 (this study).  

Table A5 
Placebo test for farmers’ labor supply.  

Dependent variable: Working hours-BFS Working hours-BFS Working days  

(1) (2) (3) 

PM2.5 0.0126 − 0.0975 − 9.3871  
(0.0136) (0.0852) (14.7805) 

Scenarios    
Type of PM2.5 PM2.5-SFS PM2.5-BFS PM2.5 
Year of PM2.5 2013 & 2015 2014 & 2016 2014 & 2016 

KP F-statistics 25.3 17.4 16.4 
Weather controls Yes Yes Yes 
County-by-year FE Yes Yes No 
Province-by-year FE No No Yes 
Individual FE Yes Yes Yes 
Observation 9926 9926 10,516 

Notes: Consistent with the baseline model, all regression models incorporate weather controls, province-by-year FE, and in
dividual FE, unless otherwise indicated. Standard errors are clustered at county level, and are reported in parentheses; *** p <
0.01, ** p < 0.05, * p < 0.1.  

Table A6 
Effects of air pollution on farmers’ BFS.  

Dependent variable: Number of months 
covered by BFS in a year 

The first BFS month 
in 2016 compared to 2014 

Advance (0/1) Delay (0/1)  

(1) (2) (3) 

PM2.5 0.0153    
(0.0222)   

△PM2.5(2016–2014)  0.0187 − 0.0054 
(continued on next page) 
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Table A6 (continued ) 

Dependent variable: Number of months 
covered by BFS in a year 

The first BFS month 
in 2016 compared to 2014 

Advance (0/1) Delay (0/1)  

(1) (2) (3)   

(0.0173) (0.0089) 
KP F-statistics 20.1 16.7 16.7 
Weather controls Yes Yes Yes 
Individual FE Yes No No 
Province-by-year FE Yes No No 
Observation 10,516 2506 2506 

Notes: △PM2.5(2016–2014) represents the difference between the local air pollution levels in 2016 and 2014. We constructed 
the thermal inversion variables in the same manner as the air pollution variables and used it as an instrumental variable (IV) 
for endogenous air pollution. The second-stage regression results for the two-stage least squares (2SLS) are presented in the 
table. The variable labels and FE labels are identical to those in the baseline regression model of this paper. Standard errors are 
clustered at the county level and are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.  

Table A7 
Additional evidence of health mechanism.  

Dependent variable: Working hours-BFS (subsequent)  

(1) (2) (3) 

PM2.5-SFS − 0.0344** − 0.0304*** − 0.0325**  
(0.0154) (0.0146) (0.0163) 

SFS period Jun. Jun. & Feb. 2012 & 2014 SFS 
KP F-statistics 20.8 21.4 60.3 
Mean [SD] of D.V. 10.33 [2.89] 10.29 [2.92] 8.84 [3.47] 
Observation 6879 4662 10,516 

In line with the baseline model, all regression models control for weather conditions, province-by year fixed effect, 
and individual fixed effect. Unless otherwise specified, standard errors are clustered at county level, and are reported 
in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.  

Table A8 
The effect of air pollution on farmers’ off-farm work by location.  

Dependent variable: Participate Working days Participate Working days Participate Working days  

Off-farm Local off-farm Non-local off-farm  

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

PM2.5 0.0088* 2.6234* 0.0068** 2.4680** 0.0111** 3.2860**  
(0.0047) (1.5318) (0.0036) (1.2555) (0.0052) (1.6150) 

KP F-statistics 56.7 56.7 56.7 56.7 56.7 56.7 
Mean [SD] of D.V. 0.04 [0.20] 248.55 [99.39] 0.04 [0.19] 225.58 [91.59] 0.04 [0.21] 253.78 [81.22] 

Notes: N = 10,516. Consistent with the baseline model, all regression models incorporate weather controls, province-by-year FE, and individual FE, 
unless otherwise indicated. Standard errors are clustered at county level, and are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 

Appendix B. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.chieco.2023.102075. 
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policy. Proceedings of the National Academy of Sciences, 110, 12936–12941. 
Colmer, J. (2021). Temperature, labor reallocation, and industrial production: Evidence from India. American Economic Journal: Applied Economics, 13, 101–124. 
Conley, T. G., Hansen, C. B., & Rossi, P. E. (2012). PLAUSIBLY EXOGENOUS. Review of Economics and Statistics, 94, 260–272. 
Deryugina, T., Heutel, G., Miller, N. H., Molitor, D., & Reif, J. (2019). The mortality and medical costs of air pollution: Evidence from changes in wind direction. 

American Economic Review, 109, 4178–4219. 
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