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A B S T R A C T   

Background: Although the association between long-term exposure to PM2.5 and mortality has been evaluated 
intensively, little is known about the socioeconomic disparity in the association. 
Methods: We collected data on annual all-cause mortality, PM2.5 concentration, socioeconomic and demographic 
characteristics of 2640 counties from the two most recent Chinese censuses in 2000 and 2010. We applied the 
difference-in-differences (DID) method to estimate PM2.5-mortality association for counties at different quartiles 
of literacy rate, college rate, urbanization rate and GDP per capita, respectively. 
Results: Overall, every 10 µg/m3 increase in annual average PM2.5 was associated with 3.8% (95% confidence 
interval [CI]: 3.0–5.0) increase of all-cause mortality. The stratified analysis suggested higher health impact of 
exposure in counties with lower socioeconomic status. For counties of the lowest quartile (Q1) of literacy rate, 
college rate, urbanization rate and GDP per capita, the effect estimates were 6.0% (95% CI: 4.2–7.7), 4.4% (95% 
CI: 2.8–6.0), 3.5% (95% CI: 2.0–5.1) and 4.9% (95% CI: 2.7–7.1), respectively. There was strong evidence for 
elevated risk in mortality associated with PM2.5 of all socioeconomic factors in the lowest quartile (Q1) compared 
with the highest quartile counties (Q4) (p-value for difference < 0.05). 
Conclusions: There was socioeconomic disparity in the PM2.5-mortality association in China. Dwellers living in 
less developed counties are more vulnerable to long-term exposure to ambient PM2.5 than those living in 
developed counties.   

1. Introduction 

Fine particulate matter (PM2.5, airborne particles less than or equal 
to 2.5 µm in aerodynamic diameter) arouses public health concerns due 
to its adverse health effects (Di et al., 2017; Liang et al., 2020; Liu et al., 
2019; Sarkodie et al., 2019). Compared with other air pollutants, PM2.5 
exposure was found with consistent and stronger associations with 
mortality (Chow, 2006; Pope Iii et al., 2002), and has been identified as 
one of the leading risk factors for disease burden (Forouzanfar et al., 
2016). Although the direct impact of PM2.5 on mortality has been widely 
studied (Burnett et al., 2018; Pope et al., 2018; Sarkodie et al., 2019), the 
role of socioeconomic status (SES) as an effect modifier of the associa-
tion has been rarely evaluated (Rodriguez-Villamizar et al., 2016). 

Recent research suggested that ignoring the SES factors may underes-
timate the impact of PM2.5 (Vodonos et al., 2018). 

Along with the rapid socioeconomic development and rapid urban-
ization, air pollution in China has become a severe problem. China is one 
of the most polluted countries by PM2.5 in the world (Zhang et al., 2019). 
However, the modification effect of regional SES on the PM2.5-mortality 
association remains controversial in China. Some studies found 
increased PM2.5-related mortality burdens in cities or areas with higher 
SES (e.g., higher urbanization) (Liu et al., 2017a, 2017b), whereas other 
studies found weaker PM2.5-mortality association in areas with higher 
urbanization (Yap et al., 2008; Zhang et al., 2019), or an inverse-U shape 
relationship (Ji et al., 2018; Liu et al., 2017a). 

The observed detrimental effect of higher SES in the PM2.5-mortality 
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association was believed to be associated with higher population-level 
exposure and higher energy consumption (Zhao et al., 2012; Zheng 
et al., 2014). In contrast, the protective effect of SES was attributed to 
higher social investments, agglomeration effect, energy structure 
transformation, environment protection and improvement in health 
policies (Bai et al., 2014; Cao et al., 2014). However, there is a lack of 
evidence in supporting both of the arguments. Besides, most studies used 
the province-level or city-level data, which were not accurate enough to 
account for spatial and socioeconomic heterogeneity within a city (Liu 
et al., 2017a; Wang et al., 2019; Yang et al., 2019; Zhang et al., 2019). 

In this paper, we aimed to evaluate how PM2.5-mortality association 
could be modified by local SES (urbanization rate, literacy rate, college 
rate, gross domestic product per capita [PGDP]) using data from 2640 
Chinese counties in 2000 and 2010. Our research will provide theoret-
ical support for PM2.5 attributed health risk diversity management in 
consideration of socioeconomic disparity in China and other developing 
countries. 

2. Methods 

2.1. Data collection 

We collected data from the two most recent Chinese censuses in 2000 
and 2010. The 2000 census includes 2869 counties, and 2010 census 
consists of 2859 counties (Population census office, 2012; Zhang, 2003). 
The study region included mainland of China, excluding Hong Kong, 
Macau, Taiwan and some islands in the South China Sea. We also 
excluded counties with changed the official geographical code between 
2000 and 2010. Finally, a total of 2640 counties were included in the 
analyses. 

County-specific number of deaths was calculated by all-cause mor-
tality rate and the total population in that county. County-level socio-
economic indicators used in this analysis include PGDP (GDP per 
capita), urbanization rate (percentage of urban residents over the total 
population), college rate (percentage of college and above education 
level individuals over the total population) and literacy rate (average 
literacy rate of people except for illiteracy, 100%-illiteracy rate). The 
GDP data of 2000 were obtained from the China county statistical 
yearbook (NBSC, 2001b) with the missing data converted from the GDP 
and CPI (consumer price index) in 2001 (NBSC, 2001a). The GDP data of 
2010 were collected from each city’s statistical yearbook and the Na-
tional Bureau of Statistics of China. All the other data above were 
collected from the censuses in 2000 and 2010. 

We used annual ground-based PM2.5 concentrations at 0.1◦×0.1◦

(approximately 11 km × 11 km) spatial resolution modelled from 
Geographically Weight Regression by combining information from sat-
ellite-, simulation- and monitor-based sources (Van Donkelaar et al., 
2016). The PM2.5 estimates were validated in good fitness of out-of- 
sample cross-validated PM2.5 observations (R2 = 0.81) (Van Donkelaar 
et al., 2016). We also extracted the ground-level annual average O3 and 
NO2 concentrations at 0.1◦ × 0.1◦ spatial resolution from the two widely 
used gridded datasets (Brauer et al., 2016; Geddes et al., 2016). Daily 
ambient temperature data were extracted from the China Meteorolog-
ical Forcing Dataset (CMFD), with a 0.1◦ × 0.1◦ spatial resolution (He 
et al., 2020). For PM2.5, O3, NO2 and ambient temperature, each county 
was represented by the average value of all grids within the boundary of 
the county, weighted by population density of all grids (Renzi et al., 
2019). The gridded population density data in 2000 and 2010 came 
from the Gridded Population of the World (CIESIN, 2018). The original 
spatial resolution of this population density dataset is 1/24◦ × 1/24◦. 
We transformed it into 0.1◦ × 0.1◦ resolution to match the resolution of 
other environment datasets according to the method described by Bra-
uer et al., (Brauer et al., 2016). 

We also collected additional county-specific demographic data in 
2000 and 2010 from the censuses data, which included migrant rate 
(percentage of migrants residents over the total population), average age 

(weighted average age by age-specific subpopulations), dependency 
ratio of non-labour force (age<15 and over 65) over labour force (age 
between 15 and 65), gender ratio (the ratio of male and female popu-
lation), and total population size. 

2.2. Statistical analysis 

A difference-in-differences (DID) model was used to quantify the 
associations between PM2.5 exposure and risk of death. In the DID 
design, every sample is compared to itself in a given location during a 
different time. Thus the unmeasured time in-variant confounders (or 
changed little during the study time) were controlled by the design 
(Renzi et al., 2019; Wang et al., 2016; Yu et al., 2020). The DID model 
can be illustrated as follows: 

ln
[
E
(
Ys,t

) ]
= β0+β1Is + β2It + β3PM2.5,s,t + β4ln(POPs,t)+β5Tsum,s,t

+ β6Twin,s,t + β7SD(Tsum,s,t) + β8SD(Twin,s,t) (1) 

Ys,t: the number of deaths in county s, year t. 
β0,β1⋯β8 :the intercept and slopes for the linear terms. 
Is: dummy variable for each county s; The analysis was based on the 

data of 2,640 counties. 
It : dummy variable for each year t; We compared the year of 2000 

and 2010. 
PM2.5,s,t: population-weighted PM2.5 annual mean concentration in 

county s and year t. 
ln(POPs,t): an offset term representing the natural log of the popu-

lation in county s, year t. 
Tsum,s,t&Twin,s,t: the means of summer (from June to August) and 

winter (from December to February) temperatures and their standard 
deviations (SD) in county s and year t, respectively. 

Conditional Quasi-Poisson regression model was used to perform the 
DID design to address the estimation problem of a large amount of fixed 
effects of individual counties (Armstrong et al., 2014; Renzi et al., 2019). 
The fixed effect is preferred over the random effect model due to the 
concerns of violation of normality assumption (Armstrong et al., 2014). 
This is achieved by fitting conditional Quasi-Poisson regression model 
with the “gnm” package with the “eliminate” option specifies the fixed 
effects terms of counties. This approach iteratively exploits the structure 
of county fixed effects and “eliminates” those do not contribute to 
maximum likelihood, therefore, improves model fitting and computa-
tional speed. In this model, we also adjusted for population of the 
counties (offset), and summer and winter temperatures separately due to 
their different impacts on mortality (Shi et al., 2015), as showed in 
formula (1). We used Quasi-Poisson model rather Poisson model to ac-
count for the over-dispersion (i.e., the standard deviation is not equal or 
close to the mean) of the dependent variable (Hoef J M V, 2007). The 
effect estimates were expressed as the relative risk (RR) of death and 
associated 95% confidence intervals (CI) per 10 µg/m3 increase in 
annual PM2.5 concentration. The potential non-linear relationship be-
tween PM2.5 and mortality was evaluated by applying a natural cubic 
spline with four degrees of freedom to the PM2.5. 

To evaluate the socioeconomic disparity in the PM2.5-mortality as-
sociation, we divided the 2,640 counties into four socioeconomic groups 
by quartile (Q1, Q2, Q3, and Q4), according to the quartiles of literacy 
rate, college rate, urbanization rate and GDP per capita based on the 
average values of 2000 and 2010. We performed DID model to each of 
the four groups to obtain the effect estimates [RRs and standard errors 
(SEs)] for these four groups. Then, we used a meta-regression model to 
compare the statistical difference in the effect estimates of the four 
groups. In this meta-regression model, the log (RRs) weighted by SEs 
were the dependent variable while the corresponding group names (Q1, 
Q2, Q3, and Q4) were modelled as the independent variable. Thus the 
meta-regression model would give p-values testing the inter-group dif-
ference in effect estimates with likelihood test (Xu et al., 2019, 2020). 
This process is repeated for each of the four SES indicators. 
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We performed several sensitivity analyses to check the robustness of 
the results. First, to test the potential lag effects, we replaced the PM2.5 in 
the current year with a moving average of PM2.5 in the current year and 
1–2 years before (lag 0–1 year and lag 0–2 year). Second, we developed 
models adjusting for ambient O3, NO2 and their combined oxidant ca-
pacity, Ox (weighted average of the redox potentials of NO2 and O3 
according to the following formula [1.07NO2 + 2.075O3]/3.14) (Crouse 
et al., 2020). Third, we further adjusted for socioeconomic (GDP per 
capita, college rate, urbanization rate and literacy rate) and de-
mographics variables (gender ratio, average age, migrant rate, de-
pendency ratio) step by step in addition to the primary model. We 
performed similar meta-regression as above to check the differences in 
effect estimates between different sensitivity models and the primary 
model. 

All data analyses were conducted with R software (version 3.5.1). 
The “gnm” package was used to perform conditional Quasi-Poisson 
regression model. The “mvmeta” package was used to perform meta- 
regression. All statistical tests are two-sided, and the statistical signifi-
cance level is 0.05. 

3. Results 

Data of health, environment, socioeconomic and demographic vari-
ables were summarized in Table 1. A total of 13,484,929 deaths from 
2,640 counties in the year of 2000 and 2010 were included in the 
analysis. The mean county-level annual PM2.5 concentration was 36.18 
± 19.19 µg/m3 (IQR: 21.68–48.24 µg/m3, range: 1.21–110.13 µg/m3). 
The average PM2.5 concentration of 2000 and 2010 was 29.52 µg/m3 

and 42.83 µg/m3, respectively. There were substantial socioeconomic 
variations within the 2,640 counties. For example, IQR of the GDP per 
capita was 15,222 Chinese Yuan (4,058–19,280 Chinese Yuan), the 
urban rate varied from 0% to 100%, college rate and literacy rate were 
from 0.11%, 13.78% to 51.18%, 99.91% respectively. The geographical 

distribution of PM2.5 concentration and mortality rate of 2000 and 2010 
were shown in Figs. 1 and 2. Particularly, the northern counties had 
higher PM2.5 than the southern counties, and the highest mortality rate 
area was also in the northwest. Death numbers in the year 2000 and 
2010 could be found in Fig. S1 in Supplementary Material. The positive 
association between PM2.5 change and mortality change was shown in 
Fig. S2. PM2.5 concentrations of the lowest quartile (Q1) were lower than 
the highest quartile (Q4) of different socioeconomic variables (literacy 
rate, college rate, urbanization rate and PGDP) (Table S1). 

The results of the main analysis were reported in Fig. 3. At the na-
tional level, we estimated that every 10 µg/m3 increment in annual 
mean PM2.5 concentration was associated with 3.8% (95%CI: 3.0–5.0%) 
increment in mortality. This association showed a clear variation among 
different socioeconomic status (SES) quartiles. The RRs (and 95%CI) of 
literacy rate, college rate, urbanization rate and GDP per capita for 
counties of lowest quartile (Q1) were 1.060 (1.042, 1.077), 1.044 
(1.028, 1.060), 1.035 (1.020, 1.051) and 1.049 (1.027, 1.071) respec-
tively. However, RRs (95% CI) of the highest quartile (Q4) were 0.990 
(0.966, 1.014), 1.009 (0.986, 1.033), 1.008 (0.985, 1.031), 1.004 
(0.985, 1.024), respectively. We conducted meta-regression to compare 
the RR difference between the lowest quartile (Q1) and other quartiles 
(Q2, Q3, Q4). All p-values for the difference of the highest quartile (Q4) 
compared to the lowest quartile (Q1) were < 0.05. 

When using the non-linear model, the PM2.5-mortality association 
seems to have a threshold about 10 µg/m3 (Fig. 4), which is also the 
World Health Organization (WHO) annual limit (World Health Orga-
nization 2006). In sensitivity analyses, the PM2.5-mortality association 
did not change significantly (all p-values > 0.05), after considering lag 
effects of PM2.5 (Table S2), adjusting for O3 and NO2 (Table S3), or 
adjusting for socioeconomic (PGDP, college rate, urbanization rate, lit-
eracy rate) and demographic (gender ratio, average age, migrant rate, 
dependency ratio) variables (Table S4). 

Table 1 
Summary statistics for the 2640 counties in 2000 and 2010.  

Variable    Percentiles   

Mean SD Min 25th 50th 75th Max IQR 

Health data         
Death Number (person) 2554 1957 27 1116 2101 3498 20,279 2382 
Death Number in 2000 (person) 2537 1934 27 1079 2099 3500 11,812 2421 
Death Number in 2010 (person) 2571 1981 31 1143 2101 3493 20,279 2350 
Environmental data         
PM2.5 (µg/m3) 36.18 19.19 1.21 21.68 33.75 48.24 110.13 26.56 
PM2.5 in 2000 (µg/m3) 29.52 15.65 1.21 18.09 16.54 39.08 80.05 20.99 
PM2.5 in 2010 (µg/m3) 42.83 20.08 3.00 28.91 39.54 57.94 110.13 29.03 
PM2.5 lag1(µg/m3) 35.61 18.16 0.65 22.36 34.04 46.12 107.01 23.76 
PM2.5 lag1 in 2000 (µg/m3) 28.88 14.16 0.65 19.42 26.48 37.98 90.38 18.56 
PM2.5 lag1 in 2010 (µg/m3) 42.34 19.19 3.00 29.67 40.35 55.88 107.01 26.21 
PM2.5 lag2 (µg/m3) 35.43 18.05 0.13 22.66 33.34 45.47 103.02 22.81 
PM2.5 lag2 in 2000 (µg/m3) 28.08 13.07 0.13 19.35 26.69 36.29 88.57 16.94 
PM2.5 lag2 in 2010 (µg/m3) 42.79 19.30 3.69 28.79 40.55 57.45 103.02 28.66 
Mean winter temperature (◦C) 0.64 9.41 –32.63 − 5.37 2.38 7.34 22.22 12.71 
Mean summer temperature (◦C) 23.78 4.86 1.18 22.07 25.30 27.10 35.45 5.03 
SD of winter temperature (◦C) 4.04 1.04 1.13 3.43 4.05 4.68 8.47 1.25 
SD of summer temperature (◦C) 2.76 0.62 0.71 2.33 2.81 3.26 4.51 0.93 
Socioeconomic data         
GDP per capita (Chinese Yuan) 15,459 19,626 233 4058 9204 19,280 305,058 15,222 
Urbanization rate (%) 41.14 28.68 0.00 19.57 32.19 54.83 100.00 35.26 
College rate (%) 5.62 6.58 0.11 1.62 3.40 6.24 51.18 4.62 
Literacy rate (%) 90.86 10.00 13.78 89.48 93.48 96.32 99.91 6.84 
Demographic data         
Migrate rate (%) 13.46 12.96 0.15 4.58 8.45 17.95 92.04 13.37 
Average age (year) 35.99 2.57 27.97 34.20 36.04 37.86 43.69 3.66 
Depend ratio (%) 40.18 11.19 8.47 31.67 39.18 47.17 90.59 15.5 
Gender ratio (%) 106.14 5.54 72.77 102.77 105.62 108.87 169.36 6.1 
Population size (person) 438,729 334,147 6384 205,626 362,337 592,612 5,044,430 386,986 

Note: Unless specified the year, all indicators were described based on all annual county-level observations in both 2000 and 2010. SD: standard deviation. IQR: 
Interquartile range = 75th-25th percentiles. Lag1 and lag2 refer to 1 and 2 years prior to the current year, respectively. Death numbers, PM2.5 concentration, PM2.5 lag 
1 concentration and PM2.5 lag 2 concentration in the year 2000 and 2010 were described. 
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4. Discussion 

This is so far the largest nationwide study to examine the socioeco-
nomic disparity (using Q1 ~ Q4 of each indicator) in the vulnerability to 
PM2.5-related mortality. The overall mortality risk increased by 3.8% 
(95% CI: 3.0%–5.0%) for each 10 µg/m3 increment in annual average 
PM2.5. We found that people living in counties with lower literacy rate, 
college rate, urbanization rate and GDP per capita were more vulnerable 
to PM2.5-related mortality than those living in higher levels. 

Our effect estimates were slightly lower but consistent with several 
previous cohort studies in China. Several studies in China have sug-
gested increments of 9% (95% CI: 8%–9%) (Yin et al., 2017), 8% (95% 
CI: 6%–9%) (Li et al., 2018) and 11% (95% CI: 8%–14%) (Yang et al., 
2020) in mortality for every 10 µg/m3 increase of long-term exposure to 

PM2.5. However, our results might be more general because of the census 
data of almost the whole population instead of a specific subgroup. Our 
results were also consistent with studies worldwide. For example, one 
meta-analysis proved 10 µg/m3 of PM2.5 increment was associated with 
8.5% (95% CI: 5.3%–11.8%) of all-cause all-age mortality at the mean 
exposure of 30 μg/m3 (Vodonos et al., 2018). Other studies also found 
the increased risk of mortality worldwide with 4% (95% CI: 3%–5%) in 
Rome (Cesaroni et al., 2013), 14% (95% CI: 7%–22%) and 26% (95% CI: 
2%–54%) in the United States (Lepeule et al., 2012; Puett et al., 2009) 
and 22% (95% CI: 15%–30%) in Queensland (Yu et al., 2020) per each 
10 µg/m3 increase in annual PM2.5 exposure. 

Our study estimated that counties with low SES had a stronger as-
sociation between PM2.5 and mortality, which is consistent with other 
studies (Rodriguez-Villamizar et al., 2016; Wang et al., 2017; Yap et al., 

Fig. 1. The PM2.5 concentration (µg/m3) of 2,640 counties in 2000 and 2010. Notes: Counties in grey colour were missing in our analyses. Thus, data were 
not presented. 
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2008; Yitshak-Sade et al., 2019). We found people living in lower ur-
banized counties were more vulnerable to deaths associated with PM2.5. 
An explanation may be that, compared with city dwellers, rural coun-
terparts are offered less social infrastructure and environmental pro-
tection resources or health service (Bai et al., 2014; Cao et al., 2014; Liu 
et al., 2017a), but also suffer from high environmental pollution. 
Moreover, rural dwellers conduct more outdoor activity, leading to 
higher exposure to outdoor air pollution. Their house quality is not good 
enough to prevent outdoor air pollution from seeping into the room 
(O’Neill et al., 2003). With regard to economic development/GDP, the 
technological effect in economically developed counties could replace 
heavily-polluting production technologies with cleaner ones (Ji et al., 
2018). Counties with high development are more able to adopt 
pollution-control technologies to reduce the concentration of PM2.5 
(Zhang et al., 2019), such as clean-energy sources of natural gas and 

solar. However, less developed regions may often lack the budget to 
supply public resources or adopt new environment technology, which 
will aggravate the susceptibility to air pollution furtherly. In addition, 
people with low income may face increasing susceptibility to air 
pollution (Di et al., 2017; Sarkodie et al., 2019; Wang et al., 2017). For 
example, people occupied in specific occupation exposed to more health 
risk, such as blue-collar workers always have low income (Niedhammer 
et al., 2008). As for education, people in lower educated regions (literacy 
rate, college rate) are more sensitive to PM2.5 than those with a higher 
education level (Pinault et al., 2016). The lower educated people usually 
engage in low occupation with low income (Wang, 2014), which might 
increase the air pollution susceptibility. Moreover, people with low 
educational level may lack health knowledge to prevent and solve air 
pollution-related diseases (Deguen et al., 2015). 

Our study has several public health implications. Firstly, since people 

Fig. 2. The all-cause mortality rate (‰) of 2,640 counties in 2000 and 2010. Notes: Counties in grey colour were missing in our analyses. Thus, data were 
not presented. 
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Fig. 3. The association between PM2.5 concentration and all-cause mortality, stratified by socioeconomic level. Note: The quartiles for each socioeconomic indicator 
were determined according to county-specific average values in 2000 and 2010. CI = confidence interval; *p-values for difference tested the difference in relative 
risks between subgroups, estimated by meta-regression. Q1-Q4 represent four quartiles from the lowest to the highest. 

Fig. 4. Non-linear association between PM2.5 concentration and all-cause mortality, modelled by natural cubic spline with four degrees of freedom.  
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living in less developed counties are more vulnerable to PM2.5 exposure, 
Chinese governments are expected to invest more resources in these 
counties. Special preferential policies for people with low SES are also 
needed to prevent exacerbating the inequality in air pollution-related 
healthcare burden (Zhao et al., 2020). Secondly, given the different 
vulnerabilities among different SES people, in the future detailed revi-
sion of air quality emission standards are needed to protect vulnerable 
populations. This might be helpful in making environmental and health 
intervention policies (Wang et al., 2017). Thirdly, there might be a po-
tential declining trend in the PM2.5-mortality association with the rapid 
economic development in China, which needs further investigation. 
Lastly, our study got the same result as the other studies that the long- 
term PM2.5 exposure over the threshold of 10 µg/m3 is associated with 
an increment of mortality (Tseng et al., 2015; Vodonos et al., 2018; 
Wong et al., 2016). According to the Chinese ambient air quality stan-
dards (GB 3095–2012) from the Ministry of Ecology and Environment of 
the People’s Republic of China, the concentration limit of class II areas 
(residential area, commercial traffic mixed area, cultural area, industrial 
area, rural area) is 35 µg/m3. But based on our finding, we recommend 
the government to set a more restrict air quality standard for PM2.5, for 
example, the annual concentration of 10 µg/m3. 

The present study has several advantages. Firstly, this is the largest 
study to estimate the SES stratified associations between long period 
PM2.5 exposure and death. Compared with other studies without strat-
ification, our study could add more knowledge to future health risk 
assessment studies with identified PM2.5-mortality effect modifiers 
(Wang et al., 2017). Secondly, our study is based on the recent two 
census county-level data of China, which could reflect almost all the 
general Chinese population from 2000 to 2010. The long-term and large 
scale data make our results more statistically powerful and robust. 
Thirdly, compared with the cohort studies, potential confounders such 
as factors displaying the time variations across the study areas and other 
factors correlated with the PM2.5 exposures could be well controlled 
with the DID method in our study (Renzi et al., 2019). 

There are also several limitations. Firstly, we used county-level 
rather than individual-level data, which may lead to random errors of 
exposure assessment and tends to make the PM2.5-mortality association 
underestimated. Secondly, we couldn’t analyze the individual-level so-
cioeconomic inequality, such as the potential trend of health behaviours 
(e.g., smoking and alcohol use) due to the limit of data. However, our 
results have significant public health implications at county level, e.g., 
for policy designs to combat mortality burden of ambient PM2.5. Finally, 
we cannot evaluate whether there are socioeconomic inequalities in the 
association between PM2.5 and cause-specific (e.g., cardiovascular, res-
piratory, cancer) mortality and mortality at different sex and ages due to 
data limitation, so further studies are warranted. 

5. Conclusions 

Socioeconomic inequality exists in the PM2.5-mortality association in 
China. People living in less developed counties are more vulnerable to 
long-term exposure to PM2.5, which could further exacerbate the current 
health and socioeconomic inequality. Our findings suggest that the 
policymakers should pay more attention to the less developed counties 
to tackle the health burden of ambient air pollution. 

CRediT authorship contribution statement 

Chunlei Han: Conceptualization, Formal analysis, Writing - original 
draft. Rongbin Xu: Conceptualization, Data curation, Methodology. 
Caroline X. Gao: Methodology, Writing - review & editing. Wenhua 
Yu: Data curation, Software. Yajuan Zhang: Conceptualization, Meth-
odology. Kun Han: Methodology, Software. Pei Yu: Data curation. 
Yuming Guo: Conceptualization, Data curation, Methodology, Formal 
analysis, Funding acquisition, Writing - review & editing. Shanshan Li: 
Conceptualization, Methodology, Funding acquisition, Project 

administration, Writing - review & editing. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

This study was supported by Taishan Scholar Program, National 
Statistical Science Research General Project (2019429) and Special 
project of Social Science planning and Research in Shandong Province 
(18CCXJ14); CH was supported by Shandong provincial department of 
education funded projects for overseas study; RX and PY were supported 
by China Scholarship Council funds (number 201806010405 for RX and 
number 201906210065 for PY); SL was supported by an Early Career 
Fellowship of the Australian National Health and Medical Research 
Council (number APP1109193), and YG was supported by Career 
Development Fellowships of the Australian National Health and Medical 
Research Council (numbers APP1107107). 

Appendix A. Supplementary material 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.envint.2020.106241. 

References 

Armstrong, B.G., Gasparrini, A., Tobias, A., 2014. Conditional poisson models: A flexible 
alternative to conditional logistic case cross-over analysis. BMC Med. Res. Method. 
14, 122. 

Bai, X., Shi, P., Liu, Y., 2014. Realizing china’s urban dream. Nature 509, 158–160. 
Brauer, M., Freedman, G., Frostad, J., van Donkelaar, A., Martin, R.V., Dentener, F., 

et al., 2016. Ambient air pollution exposure estimation for the global burden of 
disease 2013. Environ. Sci. Technol. 50, 79–88. 

Burnett, R., Chen, H., Szyszkowicz, M., Fann, N., Hubbell, B., Pope, C.A., et al., 2018. 
Global estimates of mortality associated with long-term exposure to outdoor fine 
particulate matter. Proceedings of the National Academy of Sciences of the United 
States of America 115:9592. 

Cao, S., Lv, Y., Zheng, H., Wang, X., 2014. Challenges facing china’s unbalanced 
urbanization strategy. Land Use Policy 39, 412–415. 

CIESIN, 2018. Gridded population of the world, version 4 (gpwv4): Population density 
adjusted to match 2015 revision un wpp country totals, revision 11. Palisades, NY: 
NASA Socioeconomic Data and Applications Center (SEDAC). 

Cesaroni, G., Badaloni, C., Gariazzo, C., Stafoggia, M., Sozzi, R., Davoli, M., et al., 2013. 
Long-term exposure to urban air pollution and mortality in a cohort of more than a 
million adults in rome. Environ. Health Perspect. (Online) 121, 324. 

Chow, J.C., 2006. Health effects of fine particulate air pollution: Lines that connect. 
J. Air Waste Manag. Assoc. 56, 707–708. 

Crouse, D.L., Erickson, A.C., Christidis, T., Pinault, L., van Donkelaar, A., Li, C., et al., 
2020. Evaluating the sensitivity of pm2.5-mortality associations to the spatial and 
temporal scale of exposure assessment. Epidemiology 31, 168–176. 

Deguen, S., Petit, C., Delbarre, A., Kihal, W., Padilla, C., Benmarhnia, T., et al., 2015. 
Neighbourhood characteristics and long-term air pollution levels modify the 
association between the short-term nitrogen dioxide concentrations and all-cause 
mortality in paris: E0131463. PLoS ONE 10. 

Di, Q., Wang, Y., Zanobetti, A., Wang, Y., Koutrakis, P., Choirat, C., et al., 2017. Air 
pollution and mortality in the medicare population. N. Engl. J. Med. 376, 
2513–2522. 

Forouzanfar, M.H., Afshin, A., Alexander, L.T., Anderson, H.R., Bhutta, Z.A., 
Biryukov, S., et al., 2016. Global, regional, and national comparative risk assessment 
of 79 behavioural, environmental and occupational, and metabolic risks or clusters 
of risks, 1990–2015: A systematic analysis for the global burden of disease study 
2015. The Lancet 388, 1659–1724. 

Geddes, J., Martin, R., Boys, B., 2016. Long-term trends worldwide in ambient no2 
concentrations inferred from satellite observations. Environ. Health Perspect. 
(Online) 124, 281. 

He, J., Yang, K., Tang, W., Lu, H., Qin, J., Chen, Y., et al., 2020. The first high-resolution 
meteorological forcing dataset for land process studies over china. Sci. Data 7, 25. 

Hoef J M V BPL, 2007. Quasi-poisson vs. Negative binomial regression: How should we 
model overdispersed count data? Ecology 88. 

Ji, X., Yao, Y., Long, X., 2018. What causes pm2.5 pollution? Cross-economy empirical 
analysis from socioeconomic perspective. Energy Policy 119 (458). 

Lepeule, J., Laden, F., Dockery, D., Schwartz, J., 2012. Chronic exposure to fine particles 
and mortality: An extended follow-up of the harvard six cities study from 1974 to 
2009 (research)(report). Environ. Health Perspect. 120, 965. 

C. Han et al.                                                                                                                                                                                                                                     

https://doi.org/10.1016/j.envint.2020.106241
https://doi.org/10.1016/j.envint.2020.106241
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0005
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0005
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0005
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0010
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0015
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0015
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0015
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0020
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0020
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0020
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0020
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0025
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0025
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0035
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0035
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0035
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0040
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0040
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0045
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0045
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0045
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0055
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0055
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0055
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0060
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0060
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0060
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0060
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0060
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0065
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0065
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0065
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0070
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0070
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0080
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0080
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0085
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0085
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0085


Environment International 146 (2021) 106241

8

Li, T., Zhang, Y., Wang, J., Xu, D., Yin, Z., Chen, H., et al., 2018. All-cause mortality risk 
associated with long-term exposure to ambient pm2⋅5 in china: A cohort study. The 
Lancet Public Health 3, e470–e477. 

Liang, D., Shi, L., Zhao, J., Liu, P., Sarnat, J.A., Gao, S., et al., 2020. Urban air pollution 
may enhance covid-19 case-fatality and mortality rates in the united states. The 
Innovation. 

Liu, C., Chen, R., Sera, F., Vicedo-Cabrera, A.M., Guo, Y., Tong, S., et al., 2019. Ambient 
particulate air pollution and daily mortality in 652 cities. The New Engl. J. Med. 
381, 705–715. 

Liu, M., Huang, Y., Jin, Z., Ma, Z., Liu, X., Zhang, B., et al., 2017a. The nexus between 
urbanization and pm2.5 related mortality in china. Environ. Pollut. 227, 15–23. 

Liu, M., Huang, Y., Ma, Z., Jin, Z., Liu, X., Wang, H., et al., 2017b. Spatial and temporal 
trends in the mortality burden of air pollution in china: 2004–2012. Environ. Int. 98, 
75–81. 

NBSC, 2001a. National data. http://datastatsgovcn/searchhtm. 
NBSC, 2001b. China county statistical yearbook. China statistics press. 
Niedhammer, I., Chastang, J.-F., David, S., Kelleher, C., 2008. The contribution of 

occupational factors to social inequalities in health: Findings from the national 
french sumer survey. Soc. Sci. Med. 67, 1870–1881. 

O’Neill, M., Jerrett, I., Kawachi, J., Levy, A., Cohen, N., Gouveia, P., et al., 2003. Health, 
wealth, and air pollution: Advancing theory and methods. Environ. Health Perspect. 
111, 1861–1870. 

Pinault, L., Tjepkema, M., Crouse, D., Weichenthal, S., Martin, R., Brauer, M., et al., 
2016. Risk estimates of mortality attributed to low concentrations of ambient fine 
particulate matter in the canadian community health survey cohort. Environ. Health 
15:n/a. 

Pope, C., Ezzati, M., Cannon, J., Allen, R., Jerrett, M., Burnett, R., 2018. Mortality risk 
and pm2.5 air pollution in the USA: An analysis of a national prospective cohort. Air 
Qual. Atmos. Health 11, 245–252. 

Pope Iii, C.A., Burnett, R.T., Thun, M.J., Calle, E.E., Krewski, D., Ito, K., et al., 2002. Lung 
cancer, cardiopulmonary mortality, and long-term exposure to fine particulate air 
pollution. JAMA 287, 1132–1141. 

Population census office DoPaSSs, National Bureau of Statistics, 2012. Tabulation of the 
2010 population census of the people’s republic of china by county. China Statistics 
Press. 

Puett, R.C., Hart, J.E., Yanosky, J.D., Paciorek, C., Schwartz, J., Suh, H., et al., 2009. 
Chronic fine and coarse particulate exposure, mortality, and coronary heart disease 
in the nurses’ health study. (research)(report). Environ. Health Perspect. 117 (1697). 

Renzi, M., Forastiere, F., Schwartz, J., Davoli, M., Michelozzi, P., Stafoggia, M., 2019. 
Long-term pm10 exposure and cause-specific mortality in the latium region (italy): A 
difference-in-differences approach. Environ. Health Perspect. 127, 67004–67004.  

Rodriguez-Villamizar, L., Berney, C., Villa-Roel, C., Ospina, M., Osornio-Vargas, A., 
Rowe, B., 2016. The role of socioeconomic position as an effect-modifier of the 
association between outdoor air pollution and children’s asthma exacerbations: An 
equity-focused systematic review. Rev. Environ. Health 31, 297–309. 

Sarkodie, S.A., Strezov, V., Jiang, Y., Evans, T., 2019. Proximate determinants of 
particulate matter (pm2.5) emission, mortality and life expectancy in europe, central 
asia, australia, canada and the us. Sci. Total Environ. 683, 489–497. 

Shi, L., Kloog, I., Zanobetti, A., Liu, P., Schwartz, J.D., 2015. Impacts of temperature and 
its variability on mortality in New England. Nature Clim. Change. 

Tseng, E., Ho, W.C., Lin, M.H., Cheng, T.J., Chen, P.C., Lin, H.H., 2015. Chronic exposure 
to particulate matter and risk of cardiovascular mortality: Cohort study from taiwan. 
BMC Public Health 15, 936. 

Van Donkelaar, A., Martin, R.V., Brauer, M., Hsu, N.C., Kahn, R.A., Levy, R.C., et al., 
2016. Global estimates of fine particulate matter using a combined geophysical- 
statistical method with information from satellites, models, and monitors. Environ. 
Sci. Technol. 50, 3762–3772. 

Vodonos, A., Awad, Y.A., Schwartz, J., 2018. The concentration-response between long- 
term pm2.5 exposure and mortality a meta-regression approach. Environ. Res. 166, 
677–689. 

Wang, D.Y., Shi, D.L., Lee, D.M., Liu, D.P., Di, D.Q., Zanobetti, D.A., et al., 2017. Long- 
term exposure to pm2.5 and mortality among older adults in the southeastern us. 
Epidemiology 28, 207–214. 

Wang, Q., 2014. Vulnerability analysis of cities to pm2. 5. Mod Bus Trade Ind:59-61. 
Wang, Y., Kloog, I., Coull, B.A., Kosheleva, A., Zanobetti, A., Schwartz, J.D., 2016. 

Estimating causal effects of long-term [pm.Sub. 2.5] exposure on mortality in new 
jersey. (research)(report). Environ. Health Perspect. 124 (1182). 

Wang, Y., Duan, X., Wang, L., 2019. Spatial-temporal evolution of pm concentration and 
its socioeconomic influence factors in Chinese cities in 2014-2017. Int. J. Environ. 
Res. Public Health 16. 

Wong, C.M., Tsang, H., Lai, H.K., Thomas, G.N., Lam, K.B., Chan, K.P., et al., 2016. 
Cancer mortality risks from long-term exposure to ambient fine particle. Cancer 
Epidemiology, Biomarkers & Prevention : A Publication of the American Association 
for Cancer Research, cosponsored by the American Society of Preventive Oncology 
25, 839. 

World Health Organization U. 2006. Air quality guidelines: Global update 2005. World 
Health Organization. 

Xu, R., Zhao, Q., Coelho, M.S.Z.S., Saldiva, P.H.N., Abramson, M.J., Li, S., et al., 2019. 
The association between heat exposure and hospitalization for undernutrition in 
brazil during 2000–2015: A nationwide case-crossover study. PLoS Med. 16 
e1002950.  

Xu, R., Xiong, X., Abramson, M.J., Li, S., Guo, Y., 2020. Ambient temperature and 
intentional homicide: A multi-city case-crossover study in the us. Environ. Int. 143. 

Yang, X., Liang, F., Li, J., Chen, J., Liu, F., Huang, K., et al., 2020. Associations of long- 
term exposure to ambient pm2.5 with mortality in chinese adults: A pooled analysis 
of cohorts in the china-par project. Environ. Int. 138. 

Yang, Y., Li, J., Zhu, G., Yuan, Q., 2019. Spatio-temporal relationship and evolvement of 
socioeconomic factors and pm in china during 1998-2016. Int. J. Environ. Res. 
Public Health 16. 

Yap, P., Gilbreath, S., Garcia, C., 2008. The role of socioeconomic status as a component 
of susceptibility in acute pm2. 5 exposure and childhood mortality. Epidemiology 19 
(S251). 

Yin, P., Brauer, M., Cohen, A., Burnett, R.T., Liu, J., Liu, Y., et al., 2017. Long-term fine 
particulate matter exposure and nonaccidental and cause-specific mortality in a 
large national cohort of chinese men. Environ. Health Perspect. 125, 117002.  

Yitshak-Sade, M., James, P., Kloog, I., Hart, J.E., Schwartz, J.D., Laden, F., et al., 2019. 
Neighborhood greenness attenuates the adverse effect of pm on cardiovascular 
mortality in neighborhoods of lower socioeconomic status. Int. J. Environ. Res. 
Public Health 16. 

Yu, W., Guo, Y., Shi, L., Li, S., 2020. The association between long-term exposure to low- 
level pm2.5 and mortality in the state of queensland, australia: A modelling study 
with the difference-in-differences approach. PLoS Med. 17. 

Zhang, W., 2003. Tabulation of the 2000 population census of the people’s republic of 
china by county. China Statistics Press. 

Zhang, Z., Shao, C., Guan, Y., Xue, C., 2019. Socioeconomic factors and regional 
differences of pm2.5 health risks in china. J. Environ. Manage. 251. 

Zhao, J., Chen, S., Wang, H., Ren, Y., Du, K., Xu, W., et al., 2012. Quantifying the impacts 
of socio-economic factors on air quality in chinese cities from 2000 to 2009. Environ. 
Pollut. 167, 148–154. 

Zhao, S., Liu, S., Hou, X., Sun, Y., Beazley, R., 2020. Air pollution and cause-specific 
mortality: A comparative study of urban and rural areas in china. Chemosphere: 
127884. 

Zheng, X., Wei, C., Qin, P., Guo, J., Yu, Y., Song, F., et al., 2014. Characteristics of 
residential energy consumption in china: Findings from a household survey. Energy 
Policy 75, 126–135. 

C. Han et al.                                                                                                                                                                                                                                     

http://refhub.elsevier.com/S0160-4120(20)32196-6/h0090
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0090
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0090
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0095
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0095
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0095
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0100
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0100
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0100
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0105
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0105
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0110
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0110
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0110
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0125
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0125
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0125
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0130
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0130
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0130
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0135
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0135
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0135
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0135
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0140
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0140
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0140
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0145
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0145
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0145
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0155
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0155
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0155
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0160
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0160
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0160
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0165
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0165
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0165
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0165
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0170
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0170
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0170
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0175
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0175
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0180
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0180
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0180
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0185
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0185
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0185
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0185
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0190
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0190
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0190
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0195
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0195
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0195
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0205
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0205
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0205
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0210
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0210
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0210
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0215
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0215
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0215
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0215
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0215
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0225
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0225
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0225
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0225
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0230
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0230
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0235
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0235
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0235
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0240
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0240
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0240
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0245
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0245
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0245
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0250
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0250
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0250
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0255
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0255
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0255
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0255
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0260
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0260
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0260
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0270
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0270
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0275
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0275
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0275
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0285
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0285
http://refhub.elsevier.com/S0160-4120(20)32196-6/h0285

	Socioeconomic disparity in the association between long-term exposure to PM2.5 and mortality in 2640 Chinese counties
	1 Introduction
	2 Methods
	2.1 Data collection
	2.2 Statistical analysis

	3 Results
	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supplementary material
	References


