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Abstract

Ambient fine particulate matter (PM> 5) pollution is a major environmental and public health
challenge in China. In the recent decade, the PM> 5 level has decreased mainly driven by
reductions in particulate sulfate as a result of large-scale desulfurization efforts in coal-fired

power plants and industrial facilities. Emerging evidence also points to the differential toxicity of
particulate sulfate affecting human health. However, estimating the long-term spatiotemporal trend
of sulfate is difficult because a ground monitoring network of PM, 5 constituents has not been
established in China. Spaceborne sensors such as the Multi-angle Imaging SpectroRadiometer
(MISR) instrument can provide complementary information on aerosol size and type. With

the help of state-of-the-art machine learning techniques, we developed a sulfate prediction

model under support from available ground measurements, MISR-retrieved aerosol microphysical
properties, and atmospheric reanalysis data at a spatial resolution of 0.1°. Our sulfate model
performed well with an out-of-bag cross-validation R2 of 0.68 at the daily level and 0.93 at the
monthly level. We found that the national mean population-weighted sulfate concentration was
relatively stable before the Air Pollution Prevention and Control Action Plan was enforced in
2013, ranging from 10.4 to 11.5 pg m~3. But the sulfate level dramatically decreased to 7.7 pg m=3
in 2018, with a change rate of —28.7 % from 2013 to 2018. Correspondingly, the annual mean total
non-accidental and cardiopulmonary deaths attributed to sulfate decreased by 40.7 % and 42.3

%, respectively. The long-term, full-coverage sulfate level estimates will support future studies on
evaluating air quality policies and understanding the adverse health effect of particulate sulfate.

Keywords

Air pollution; Particulate sulfate; Atmospheric big data; Machine learning; Spatiotemporal
distribution; Health impact assessment

Introduction

Fine particulate matter (PM> 5, particulate matter with an aerodynamic diameter of less

than 2.5 um) is a major air pollutant that has drawn concerns worldwide due to its adverse
impacts on human health (Burnett et al. 2018b). Over the past three decades, China has
experienced severe PMs s pollution from rapid economic development and urbanization that
brought enormous public health burdens (Burnett et al. 2018b; Xue et al. 2019). Recently,

a few studies have pointed out that the PM 5 level has significantly decreased mainly

contributed by the decline of sulfate (SO% ‘) concentration (Zhang and Geng 2019). Since

2005 and especially in 2013, the Chinese government implemented a series of air pollution
control policies such as desulfurization, a chemical process to remove sulfur from coal-fired
power plants and large industrial facilities. As a result, national mean sulfur dioxide (SO,)
emissions, the primary precursor of particulate sulfate, significantly decreased by 62 %
from 2010 to 2017 (Zheng et al. 2018). Therefore, understanding the historical long-term
spatiotemporal variation of sulfate in China will help evaluate the effectiveness of existing
emission control policies and guide future regulations on improving air quality further.

PM, 5 is a complex mixture of chemical constituents. The debate on which is the most
toxic component of PM,, 5 is inconclusive; but, existing evidence indicates that the hazardous
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effects of long-term exposure to PM, 5 constituents on population are differential. Previous
studies found PM, 5 constituents from fossil fuel combustion showed larger hazardous
effects on mortality than those from natural sources (Chen et al. 2021; Crouse et al. 2016;
Liang et al. 2022; Thurston et al. 2016). To compare the effect estimates regarding the
same increment of pollution concentrations, some epidemiological studies found elemental
or black carbon of PM5 5 showed higher hazard (Liang et al. 2022; Ostro B. 2011). However,
elemental carbon makes up a small percentage of total PM, 5 mass concentrations and its
concentration is much lower than secondary inorganic components (sulfate, nitrate, and
ammonia). Therefore, if comparisons are based on the increment of inter-quartile range,
some studies found that sulfate or sulfur has the strongest associations with mortality
outcomes (Crouse et al. 2016; Ostro B. 2011; Thurston et al. 2016). Some previous cohort
studies also have shown that effect estimates of long-term exposure to sulfate on mortality
are higher than or at least comparable to that of total PM, 5 exposure in terms of the same
increment (Dockery et al. 1993; Krewski et al. 2009; Liang et al. 2022; Ostro B. 2011).

As one of the main PM5 5 constituents in China, sulfate is likely associated with greater
health risks than total PM, 5. A few potential mechanisms have been proposed. First, the
acidic sulfates could react with metals in PM, 5, and convert insoluble and low toxicity
metal oxides into metal ions that are soluble in the lung lining fluid and induce the
production of highly reactive oxygenating compounds (Ghio et al. 1999; Rubasinghege et al.
2010; Schwartz and Lepeule 2012). Second, a recent study showed that sulfate ions could
rapidly penetrate the lung surfactant barrier to the alveolar region, activate the cholesterol
biosynthetic metabolism and induce the expression of genes related to tumorigenesis, which
may help understand PM-related lung cancers (Park et al. 2022). Third, sulfate is reported
to contribute to the formation of secondary organic particles and elemental carbon particles,
for example, aiding the aging of freshly emitted soot particles and reacting with toluene and
nitrogen oxides to form secondary organic particles (Popovicheva et al. 2011; Schwartz and
Lepeule 2012; Wu et al. 2007).

Although sulfate is of potential toxicity and understanding its role in evaluating air quality
policies is essential, the assessment of long-term sulfate exposure in China has been
challenging due to the lack of a PM> 5 speciation monitoring network (Huang et al.

2018). To date, large-scale estimation of sulfate levels mainly relies on chemical transport
model (CTM) simulations that usually have large uncertainties from inaccurate emissions
inventory and limited characterization of sulfate photochemical reactions (Fu et al. 2016;
Geng et al. 2019; Xing et al. 2015). For example, the correlation coefficient (r) value
between the Community Multiscale Air Quality (CMAQ) simulations and ground-based
observations of monthly sulfate concentration over eastern China is only 0.53 (Geng et al.
2019). In addition, CTM-simulated sulfate estimates are largely driven by idealized model
assumptions of SO, emissions, which confounds the goal of examining the actual impact of
policy implementation.

Fortunately, machine learning models supported by large datasets of satellite remote sensing
and atmospheric reanalysis have emerged as a powerful tool to estimate PM, s constituents
in developed countries (Di et al. 2016; Meng et al. 2018b). In addition, aerosol data
retrieved by the Multiangle Imaging SpectroRadiometer (MISR) has been successfully used
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to explain the daily variability of long-term sulfate concentration (Meng et al. 2018b).
Hence, we developed a sulfate prediction model in China based on random forest algorithm,
a machine learning model, driven by MISR-retrieved aerosol microphysical properties,
available ground observations of sulfate concentration, and other supporting information
from multiple large data sets. We then characterized the long-term spatiotemporal variation
of sulfate in China from 2005 to 2018, and further evaluated the health benefit gained by the
reduction in sulfate during this period.

2. Data and methods

2.1. Study design

Our study domain includes all provinces, autonomous regions, and special administrative
regions of China (Fig. 1). A modeling grid with a spatial resolution of 0.1° was constructed
for model development and health impact assessment across the entire domain. First, we
built a random forest model to predict daily sulfate concentration. All data were either
spatially averaged or interpolated by the inverse distance weighting (IDW) to match to
modeling grid cells. The “out-of-bag” (OOB) bootstrap sampling strategy was used for
predictor selection and model cross-validation (Meng et al. 2018b). Second, predicted daily
sulfate concentrations were aggregated into monthly and annual means for investigating
the spatiotemporal variations of sulfate in China from 2005 to 2018. In particular, we
discussed the sulfate level of the four most populated city clusters in China, including the
Beijing-Tianjin-Hebei (BTH) area in the North, Yangtze-River Delta (YRD) in the East,
Cheng-Yu (CY) area in the West, and the Pearl River Delta (PRD) in the South, as outlined
in Fig. 1. Finally, we calculated non-accidental and cardiovascular mortalities attributable
to long-term sulfate exposure based on estimated sulfate exposure, pooled mortality risks
of sulfate, age-specific population data in China, and the baseline mortality of specific
outcomes.

2.2. Sulfate model development

2.2.1. Available ground observations—Approximately 21,000 daily measurements
of ground sulfate concentration were collected from 88 monitoring sites across China from
2005 to 2018 (Fig. 1), including data from Hong Kong and Taiwan PM>, 5 speciation
supersites (Huang et al. 2014; Lin et al. 2008). Compared with developed countries that
have monitoring networks of PM> 5 constituents, ground monitoring sites in China are
limited. But observations of sulfate are relatively abundant that cover regions with different
levels of population density (Fig. 1). Moreover, those sites are nearly evenly distributed

in urban and rural areas of China (Hang et al. 2022). Although China does not have a
uniform standard for measuring PM,, 5 constituents, a comparison study reported that sulfate
measurements based on an online method combining Gas and Aerosol Collector (GAC) and
lon Chromatography (IC) were highly consistent with filter-based measurements, and the R2
and slope of measurements from the two methods were 0.86 and 0.94, respectively (Dong

et al. 2012). Therefore, we include all the available ground data in developing the prediction
model to endure sufficient model training. Detailed information on each monitoring site used
in this study is summarized in Table S1.
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2.2.2. Unique MISR AOD—MISR aboard NASA'’s satellite Terra can measure solar
radiance in four spectral bands at nine view angles that provides unique information on
aerosol microphysical properties (Diner et al. 1998). Consequently, MISR’s aerosol data
products have been widely used to estimate the ground concentration of PM, 5 constituents
(Diner et al. 1998; Liu et al. 2007a; Liu et al. 2007b; Liu et al. 2011; Meng et al. 2018a).
Here, we used the most recent Version 23 aerosol product of MISR Level 2 data with

a spatial resolution of 4.4 km x 4.4 km (Garay et al. 2020). It reports fractional aerosol
optical depth (AOD) retrievals of eight types of aerosol components (i.e., components #1,
#2, #3, #6, #8, #14, #19, #21) defined by aerosol size, shape, refraction index, and scale
height (Garay et al. 2017; Liu et al. 2009). A detailed description of those components

is documented in Liu et al. (2007a). According to the microphysical property of sulfate,
non-absorption AOD components (i.e., #2 and #3), small mode AOD (particle radius smaller
than 0.35 um), and medium model AOD (particle radius ranges from 0.35 to 0.7 um)

were selected as predictors to develop the sulfate model. The method of calculating AOD
components with 74 aerosol mixtures of MISR retrieval is documented in Liu et al. (2007a).
In this study, we integrated annual mean AOD data into the prediction model as MISR’s
swath is relatively narrow.

2.2.3. Other supporting data—To boost the model’s performance, we considered the
influence of atmospheric visibility, atmospheric components, meteorological conditions,
land cover, and population density on sulfate prediction. Ground-level daily visibility

data were extracted from the Integrated Surface Dataset (IDS) from the U.S. National
Oceanic and Atmospheric Administration (NOAA) National Centers for Environmental
Information (NCEI). Additionally, we included monthly mean cloud cover data at 1°x1

° resolution downloaded from Clouds and the Earth’s Radiant Energy System (CERES)
cloud product that provides the best estimate of clouds from seven polar-orbiting and
geostationary instruments (Wielicki et al. 1998). Daily SO, at 0.75° x 0.75 spatial resolution
was extracted from the Copernicus Atmosphere Monitoring Service (CAMS) reanalysis
(Inness et al. 2019). Daily simulated sulfate concentration at 0.5° x 0.625° resolution was
obtained from the Modern-Era Retrospective Analysis for Research and Applications model
(MERRA-2) (Randles et al. 2017). Monthly mean Normalized Difference Vegetation Index
(NDVI) was calculated using the MODIS NDVI product (MOD13A3) at 1 km resolution.
Daily meteorological data of temperature at 2-meter, humidity at 2-meter, and the planetary
boundary layer height (PBLH) were downloaded from the Goddard Earth Observing System
Model at a resolution of 0.5° x 0.625° (2005-2012) and a resolution of 0.25° x 0.3125°
(2013-2018). Annual population data were obtained from the LandScan Global Population
Database at about 1 km resolution (Dobson et al. 2000) and summed within the study grid.

2.2.4. Modeling method—A random forest model was trained by about 21,000 records
of ground observations to estimate daily sulfate concentrations in China. We set 1000
decision trees in the forest based on the balance of prediction accuracy and computing

time. We consider 14 features by each tree when splitting a node by testing different sets

of predictors. The OOB bootstrap sampling strategy was used to develop the model (Liaw
and Wiener 2002). One unique strength of the random forest algorithm is that it can rank
the importance of each predictor by comparing normalized mean errors (MSE) between
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predictions before and after that variable is permuted while all others are left unchanged.
Therefore, the model performance was tested by calculating MSE and R? values between
observations and predictions. The final predictors include visibility, SO,, simulated sulfate
concentrations, MISR fractional AODs, population density, PBLH, temperature, humidity,
NDVI, cloud cover, and month (Figure S1). In addition to calculating OOB cross validations
(CVs), we conducted random CVs to further test the model’s capacity of predicting
accuracy where ground observations were unavailable (Figure S2). In the test, ground sulfate
observations were divided into groups and sulfate predictions were generated by a random
forest model trained with data elsewhere.

2.3. Mortality burden of sulfate

2.3.1. meta-analysis of mortality risks—Mortality risk estimates for long-term
sulfate exposure in China do not exist. Therefore, we assume the toxicity of sulfate

is constant across the range of exposure levels and conducted a meta-analysis to pool

the relative risk (RR) of sulfate from published cohort studies that: 1) reported numeric
associations between long-term exposure to sulfate and mortality, and 2) documented
explicit increments of sulfate concentrations corresponding to the risk estimates. Studies
derived from the same cohort but during different follow-up periods with distinct exposure
assessments were considered independent. As a result, we selected five studies that
estimated RRs for sulfate-related total non-accidental and cardiopulmonary mortalities
(Table 1). Those studies were extracted from three cohorts conducted in the United States
(US), including California Teachers Study (CTS), Harvard Six Cities Study, and American
Cancer Society (ACS) Cohort with sulfate levels ranging from 0.62 to 23.5 ug m=3 (Dockery
et al. 1993; Krewski et al. 2009; Ostro B. 2011; Pope et al. 1995). We made a reasonable
assumption that the RR estimate exhibits a log-linear shape because the Global Exposure
Mortality Model (GEMM) shows a near-linear shape of InRR at high PM, 5 levels (Burnett
et al. 2018). Additionally, a recent study based on the Chinese census data suggested

that census-based deaths attributable to PM> s were in better agreement with results from
the GEMM than the Integrated Exposure-Response (IER) model (Xue et al. 2019). The
mortality RR from different studies was first unified corresponding to a 1 ug m=3 increment
then pooled through meta-analysis based on the random effects model.

2.3.2. Population and mortality data—We downloaded gridded population counts
by age in 2010 from Basic Demographic Characteristics (Revision 11) of the Gridded
Population of the World Version 4 (GPWv4) with 2.5 arc-minute spatial resolution (https://
sedac.ciesin.columbia.edu). The age-specific population data in each 5-year age group
were used to calculate the ratios of the age-specific population in the total population.
Because the age structure data are only available for 2010, we assumed that the population
pyramids were the same during the study period. Then, the age-specific population counts
for each year were calculated based on the age-specific ratios from GPW and the LandScan
population data. Cause-specific mortality data for each 5-year age group for urban and rural
areas were obtained from the Chinese National Health Statistics Year-books, and the ratio
of urban and rural population to the total population for each year at the country level was
obtained from the National Bureau of Statistics of China. Finally, disease-specific death
counts by age from 2005 to 2018 were calculated for each grid cell.
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2.3.3. Calculation of the mortality burden—We first calculated national-level
population attributable fraction (PAF) with gridded population data, following Equations
(1)-(3) (Cohen et al. 2017):

RR; = i =cf) &)
_ RR—1
pafi= “RR, (@)
PAF =1- 1
B Y POP;(1/(1 = pafy)) @)
ZPOPI'

where Sis the pooled health effect; x;is the estimated sulfate concentration in grid cell
Xc£1s the counterfactual concentration calculated as the average value of minimum sulfate
concentrations reported in studies included in the meta-analysis (2.5 pg m=3); POP;is the
population and paf;is the PAF of the specific outcome in grid cell 7 Because all the studies
included in our meta-analysis were conducted with adult participants, we only considered a
population older than 25 years of age in our calculations. Next, the attributable death (AD)
was calculated using Equation (4) for total non-accidental and cardiopulmonary mortalities,
respectively:

AD = PAF x POP x Mortality @

Where the AD was calculated for each age group first and then summed for all populations
older than 25 years old.

3. Results

3.1. Model performance in estimating sulfate in China

In total, 21,000 ground observations of sulfate from 88 monitoring sites were included

in model development. Our sulfate prediction model was developed with 14 predictors

as listed in Figure S1 ranked by permutation feature importance. Nearly half of those
predictors are retrieved by satellite instruments (i.e., AOD, NDVI, cloud cover) and MISR
data made a major contribution to the model despite its modest temporal resolution. Fig.

2 shows the linear regression and scatter plot between observed and predicted sulfate
concentrations at daily and monthly levels. The monthly means were calculated if more
than seven daily observations were available for a given monitoring site and month.
Predicted sulfate concentrations agree well with ground observations as the slope of
regression lines is close to unity and intercepts are close to zero. The model’s OOB CV
R2 value of daily and monthly mean sulfate concentrations is 0.68 and 0.93, respectively,
indicating little prediction bias. We further conducted a random CV of the model to test
the model’s reliability and stability (Figure S2). Time-series comparisons between measured
and predicted sulfate concentrations demonstrate that our model can capture the temporal
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variability of ground sulfate at six monitoring sites in different geographical regions of
China (Fig. 3). Before 2013, only a few ground sites in China can monitor sulfate levels.
Our model is able to predict both high and low concentrations of sulfate during the period
(Fig. 3A-B). Since 2013, limited minoring sites have been built in populated megacities
such as Beijing, Shanghai, and Chengdu. Our model can capture extreme pollution events
and seasonal variations of sulfate over those places (Fig. 3C—F). Interestingly, different
from previous studies reporting that PM> 5 concentrations in China generally peaked in
2013, the level of sulfate in Chengdu was extremely high in 2014 with a concentration of
approximately 70 pg m=3 (Fig. 3E). In Beijing, the sulfate level in 2014 was even higher
than that of 2013 according to ground observations (Fig. 3D).

Based on the newly built exposure model, we estimated the spatial and temporal trends

of sulfate concentrations in China from 2005 to 2018. We found that population-weighted
national annual mean sulfate was relatively stable before 2013 with a range of 10.4-11.5 g
m™3, but significantly decreased to 7.7 ug m=3 in 2018 (Figure S3). Among the four city
clusters, BTH and CY were used to experience the worst pollution with an annual mean
sulfate concentration of around 15 pg m=3. However, the regional disparities substantially
shrank in 2018 and resulted in a similar sulfate level of approximately 8 ug m=3 over those
clusters. Fig. 4 shows the spatial distributions of the annual mean sulfate concentration in
China in the first (2005) and last (2018) year of our study period and the year when the

Air Pollution Prevention and Control Action Plan was implemented (2013). Spatially, the
highest sulfate level was found in the CY and BTH regions with mean sulfate concentrations
of more than 20 ug m=3 in 2005 and 2013, and decreased to less than 10 ug m=3 in 2018.
The lowest levels occurred over the Tibetan Plateau with mean concentrations of about 5 ug
m™~3 during the study period.

3.2. Mortality burden attributable to long-term sulfate exposure

Table 1 summarizes studies used to pool the RR estimate of total non-accidental mortality
(RRTota1) and cardiopulmonary mortality (RRcp) attributable to long-term sulfate air
pollution, including the Harvard Six Cities Study, American Cancer Society (ACS) cohort,
and the California Teachers Study. Note that we pooled three results from the ACS cohort,
one is the original analysis with a period of 1982-1989, and the other two were ACS
extended follow-up analyses during 1982—-2000 with different exposure assessments. The

B value from the meta-analysis for total non-accidental mortality was 0.0103 with a 95 %
confidential interval of 0.0074 — 0.0132 corresponding to a 1 pg m=3 increment in sulfate
concentration at annual level. The B value for cardiopulmonary mortality was 0.0145 (95

% CI: 0.0079 — 0.0212) for a 1 pug m=3 increment in sulfate. Table 2 compares the national
annual mean population-weighted sulfate levels with estimated total non-accidental and
cardiopulmonary deaths in the three selected years. A decline was observed in the mortality
burden attributable to sulfate from 2005 to 2013 despite the sulfate concentrations slightly
increased. This is because the total number of non-accidental deaths in China decreased
from 8089 thousands in 2005 to 6840 thousands in 2013 as reported by the National Bureau
of Statistics of China (http://data.stats.gov.cn/). From 2013 to 2018, as sulfate concentrations
dropped by 28.7 %, the total non-accidental deaths (ADqt51) and the cardiopulmonary
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deaths (ADcp) attributable to sulfate exposure significantly decreased by 40.7 % and 42.3
%, respectively.

4. Discussion

This study is the first attempt to estimate long-term particulate sulfate concentrations across
China with satellite-driven machine learning models trained by ground measurements.
Although the size of the training dataset is relatively small due to limited available
monitoring sites of PM, 5 constituents in China, our model achieved stronger performance
than classical CTMs. For example, CMAQ-simulated PM, 5 constituents were constrained
with satellite-based PM,, 5 estimations in predicting sulfate in eastern China from 2013

to 2017 (Geng et al. 2019). This method can help enhance the correlation coefficient
between modeled and measured sulfate concentrations from 0.53 (CMAQ simulations only)
to 0.60 (constrained CMAQ simulations). Compared with Geng et al. (2019), the R? value
of our model is significantly higher at 0.68 with an extended study period (2005-2018)

and full national coverage. The improvement is attributed to two main factors. First, we
used the random forest algorithm that makes few assumptions on the independence of the
measurements and the distribution of the predictors, which allows better capture of the
nonlinear associations between the sulfate concentrations and model predictors. Second, our
model was trained by ground measurements, satellite observations of aerosol, cloud, land
cover, and atmospheric reanalysis of meteorological conditions, atmospheric composition
to provide complementary spatiotemporal information for predicting sulfate concentrations
over complex land surfaces (Figure S1). In particular, MISR fractional AODs provide

the model with unique information on particle size, shape, and light absorption to help
characterize the spatial patterns and long-term trends of sulfate.

With the help of the newly-developed high-performance model, we found that existing air
quality control policies were effective in decreasing sulfate concentrations. For example,
the 11th and 12th Five Year Plans initiated in 2006 and 2011 respectively successfully
limited sulfate through the desulphurization of rapidly growing coal-fired power plants and
industrial sectors. Then, the toughest-ever Air Pollution Prevention and Control Action Plan
(APPCAP) released in 2013 further reduced SO, emissions by about 60 % (Zheng et al.
2018). Our calculations show that population-weighted annual mean sulfate concentrations
decreased by 28.7 % in China from 2013 to 2018. This decline is consistent with previous
studies and demonstrates that the construction of desulphurization facilities successfully
reduced sulfate without jeopardizing rapid economic development, providing a reference
for other developing countries trying to control PM, 5 pollution (Geng et al. 2019; Yuan

et al. 2013; Zhao et al. 2021). The spatial patterns of sulfate concentrations in China have
changed over time, though sulfate levels in eastern China remain higher than those in the
western regions. Major city clusters suffered severe sulfate pollution especially until the
born of APPCAP, which required PM, 5 concentrations to decrease by 25 %, 20 %, and

15 % in the BTH, YRD, and PRD regions from 2013 to 2017, respectively. As a result,
APPCAP powerfully promoted the decrease of total PM, 5 as well as sulfate concentrations
in these key regions. The gap in sulfate concentrations between these city clusters and
other parts of China was closed in 2018, when the average sulfate concentrations fell to
approximately 10 pg m=3 in eastern China. Those findings suggest that emissions reduction
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policies could be extended from key city clusters to surrounding areas to further decrease
sulfate concentrations and improve air quality.

Combining predicted long-term sulfate concentrations, baseline mortality data, and pooled
risk estimates, we find that the total non-accidental death attributed to sulfate exposure
decreased by 40.7 % from 582 thousands in 2013 to 345 thousands in 2018; while the

total non-accidental mortality decreased by only 6.4 % during the same period. Compared
with previous studies that evaluated the excess deaths attributable to total PM, s, long-term
exposure to sulfate likely exhibits a higher health risk (Table S2). For example, it is
estimated that a 33 % decrease in PM, 5 concentrations led to 13.1 % (54.92 thousand)
fewer deaths in 74 key Chinese cities from 2013 to 2017 based on IER functions (Huang et
al. 2018). In our study, a lower decrease (28.7 %) in sulfate concentrations results in a much
higher drop (40.7 %) in total non-accidental deaths attributable to sulfate concentrations
from 2013 to 2018 because of higher population density in regions with higher sulfate
pollution, indicating the decrease in sulfate played a significant role in the decline of

deaths attributable to total PM> 5 especially in populated areas. But note that the IER study
estimated the shape of log-transformed RR of non-accidental death from PM, 5 exposure
flattens at higher PM5 5 concentrations; however, we assumed a linear InRR shape for
sulfate exposure. As different methods of calculating the exposure—response coefficients
may bring large disparities in estimating the reduction magnitude of air pollutants, we
further compared the sulfate health burden with GEMM-based studies. Burnett et al. (2018a)
reported 2,470 thousand excess non-accidental deaths (including dominant causes such as
noncommunicable diseases (NCD) and lower respiratory infections (LRIs)) in China in
2015, when the population-weighted PMj 5 level was 57.5 pg m=3. Liang et al. (2020)
estimated that the annual mortality burden due to PM, 5 exposure decreased by 18.2 %
(from 2.2 million to 1.8 million) with national mean PM, 5 concentrations decreasing by 11
% (from 47.0 ug m=3 to 41.5 pg m=3) from 2013 to 2016. Compared to our result of 582
thousand excess deaths at sulfate levels of 10.9 ug m=3 in 2013, the ratio of excess deaths
attributable to sulfate concentrations and total PM, 5 (0.19) is close to but slightly higher
than the ratio of sulfate to PM, 5 concentrations (0.24) because of higher effect estimates of
sulfate than total PM s.

5. Limitations

Our study has a few limitations. First, the number of ground sulfate measurements used

for model training was smaller than the datasets used to develop national-scale PM 5 total
mass models. The limited number of monitoring stations might also introduce uncertainties
when predicting sulfate in areas and during the period with few sulfate measurements.
Many stations measured sulfate discontinuously, which might miss the extremely high
pollution episodes and cause underestimations in the predictions. As more speciation
monitors become available in China, we will retrain our model to improve its performance.
Moreover, MISR has a narrow swath that leads to limited spatial coverage for the exposure
estimates. As indicated in Fig. 4, sulfate predictions are not available over eastern Tibet
(colored in white). Gap-filling approaches are required for future studies to fill missing AOD
retrievals to improve the model’s spatial coverage. Second, only a few studies to date have
reported the mortality RRs of long-term exposure to particulate sulfate, all of which were
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conducted in developed countries with lower sulfate concentrations, different demographics
and socioeconomic characteristics. Therefore, the pooled RR may not fully represent the
adverse health effects of sulfate in China. We will reassess the health risk when a cohort
study of sulfate in China is available. Third, we used the age structure in 2010 for all years
due to a lack of accurate estimates for other years. Due to China’s aging population, this
assumption may lead to an underestimation of the attributable deaths after 2010. Fourth, we
did not fit the exposure—response curve between long-term sulfate exposure and mortality;
instead, we pooled the effect estimates based on several studies. We assumed the association
between sulfate concentrations and InRR as linear, which may overestimate the attributable
deaths if their association tends to flatten at higher pollution levels as for total PM 5 mass
concentration. So far, only limited cohort studies have investigated the association between
sulfate and mortality. We will develop the E-R curve when more data are available in the
future.

6. Conclusion

We reported a high-performance machine learning model to predict particulate sulfate
concentrations at a 0.1° resolution across the entire China from 2005 to 2018. Our results
showed a marked decline in sulfate levels during the past 14 years as a result of effective
emission control policies and the corresponding large health benefits due to better air
quality. Given the scarcity of PM, 5 speciation measurements, those long-term sulfate
estimates will enable environmental epidemiological studies on the exposure to major PMy 5
constituents in China, and benefit the understanding of global excess mortality from ambient
air pollution.
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Fig. 3.
Predicted (black line) and observed (red line) monthly mean sulfate concentrations at six

monitoring sites of different geographical regions in China: (A) Xi’an in the Northwest, (B)
Pingtung in the South, (C) Harbin in the Northeast, (D) Beijing in the North, (E) Chengdu in
the West, and (F) Shanghai in the East.
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Fig. 4.
Spatial distributions of annual mean sulfate predictions (ug/m3(-|-)) in China in 2005, 2013,

and 2018. The missing values shown as no data were caused by data missingness of MISR
AOD components.
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Table 2

Population-weighted sulfate concentrations (SOE - ) total non-accidental mortality (ADqtq) and

Page 20

cardiopulmonary mortality (ADcp) attributable to sulfate pollution in China in 2005, 2013, and 2018 among

the population with age over 25.

Year SO;ZL = (ug/m3(=]) AD+gta in thousands (95 % C1)  ADcp in thousands (95 % CI)
2005 105 656 (476-832) 586 (326-837)

2013 10.9 582 (423-739) 501 (279-715)

2018 7.8 345 (250-440) 289 (160-416)

Change rate (2013-2005)/2005 +3.6 % -11.3% -145%

Change rate (2018-2013)/2013  -28.7 % -40.7 % -42.3%
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