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The assessment of premature mortality associated with the dramatic changes in fine particulate matter (PMy s)
and ozone (O3) has important scientific significance and provides valuable information for future emission
control strategies. Exposure data are particularly vital but may cause great uncertainty in health burden as-
sessments. This study, for the first time, used six methods to generate the concentration data of PMy 5 and Os in
China between 2014 and 2018, and then quantified the changes in premature mortality due to PMy 5 and O3
using the Environmental Benefits Mapping and Analysis Program-Community Edition (BenMAP-CE) model. The
results show that PMj s-related premature mortality in China decreases by 263 (95% confidence interval (CI95):
142-159) to 308 (CI95: 213-241) thousands from 2014 to 2018 by using different concentration data, while Os-
related premature mortality increases by 67 (CI95: 26-104) to 103 (CI95: 40-163) thousands. The estimated
mean changes are up to 40% different for the PM; s-related mortality, and up to 30% for the Os-related mortality
if different exposure data are chosen. The most significant difference due to the exposure data is found in the
areas with a population density of around 10° people/km?, mostly located in Central China, for both PMj 5 and
Os. Our results demonstrate that the exposure data source significantly affects mortality estimations and should
thus be carefully considered in health burden assessments.

1. Introduction

The threat of air pollution is a global health concern (Lelieveld et al.,
2015). The global disease burden (GDB) studies have attributed about 2
million premature deaths every year to air pollution in China (Yin et al.,
2020). Ground-level PMy 5 (particulate matter with an aerodynamic
diameter equal to or less than 2.5 pm) and ozone (O3) are the two major
pollutants in China. To protect public health, the central government of
China has made tremendous efforts to reduce coal use, eliminate low
energy utilization, improve the vehicle standards, and install desulfur-
ization and denitration units, all of which have greatly improved air
quality in China since 2013 (Chen et al., 2020; Zheng et al., 2017).
Recent studies have shown that the concentration of PMj s in China
dropped by 28% from 2014 to 2018 (Fan et al., 2020), and continues to
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decrease by 0.62 pg/m® every year in East China (Madaniyazi et al.,
2015). In contrast, O3 has shown an increasing trend in China, and
annual mean O3 concentrations were projected to increase to up to 95
pg/m> by 2050 (Zhong et al., 2019).

The assessment of premature mortality associated with the dramatic
changes in PM; 5 and O3 has important scientific significance and pro-
vides valuable information for future emission control strategies. A few
studies have tried to quantify the premature mortality associated with
the apparent changes in PM5 5 and O3 in China. For example, Silver et al.
(2020) estimated that PM s-related premature mortality is reduced by
150000 deaths per year from 2015 to 2017. Huang et al. (2018) reported
that the premature mortality attributable to O3 increased by about
77000 from 2013 to 2017. However, the assessment is subjected to high
uncertainties associated with various parameters, one of which is the
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exposure data of PM; 5 and Os. To obtain accurate population exposure
over a large geographical area, several methods have been developed
and evaluated using ambient monitoring data, satellite-derived data, air
quality model (AQM) predictions, or hybrid methods by combining two
or three of the above three types of data (Baxter et al., 2013; Brauer
et al., 2016; Bravo et al., 2012; Kim et al., 2015; Oakes et al., 2014;
Ozkaynak et al., 2013). These methods have been widely utilized in
estimating the health burden of air pollution in China. Rohde and Muller
(2015) attributed 1.6 million premature deaths to outdoor PMj 5 in 2014
using the monitoring PM, 5 data of the official Chinese air quality
reporting system. Li et al. (2020) estimated 1.31 million premature
mortality due to ambient PMy 5 in 2016 using predicted concentrations
from the Weather Research and Forecasting model coupled with
Chemistry (WRF-Chem). Liang et al. (2019) estimated 120000 all-cause
mortality stemming from violations in the Og standards in China in 2016
using fused satellite and monitoring O3 data. Wang et al. (2020b) esti-
mated 186000 respiratory deaths per year were associated with O3 ex-
posures during 2013-2017 based on hybrid O3 data of AQM predictions
and monitoring observations. These studies have selected different
exposure data, however, there are no relevant studies that compare
systematically the differences in health risks due to different exposure
data.

The choice of the exposure data source may create large un-
certainties in the assessment of changes in PM; 5- and Os-related mor-
tality. For example, Ding et al. (2019) estimated that the Air Pollution
Prevention and Control Action Plan in China has reduced mortalities by
287000 from 2013 to 2017 using the PMj 5 predictions from the
chemistry transport model combined with surface observation. In
another study, the estimate was 176000 based on the satellite data (Xiao
et al., 2021). Therefore, the effects of exposure data source on mortality
assessments should be examined. However, such studies in China have
yet to be reported in the literature.

In this study, we aimed to evaluate the difference in the assessment of
the changes in PM; 5 and O3 and their related mortality when choosing
different sources of data in China, and to identify the causes of the dif-
ference. We characterized the spatiotemporal trends of PMs 5 and O3
exposure in China with six commonly used methods (described in Sec-
tion 2) and estimated the health burden associated with each exposure
dataset.

2. Materials and methods
2.1. Exposure estimates

Six methods were used to estimate the PMy 5 and O3 changes be-
tween 2014 and 2018, including two methods using ambient monitoring
data with Voronoi Neighbor Averaging (VNA) interpolation (OBS1) and
Kriging interpolation (OBS2), predictions from the Weather Research
and Forecasting-Community Multiscale Air Quality (WRF-CMAQ)
modeling system (PRE), satellite-based observations (SAT), and two
hybrid data HYB1 and HYB2: HYB1 combined the model predictions and
the ambient monitor observations, and HYB2 also included the satellite
observations with HYB1.

2.1.1. Ambient monitoring data (OBS1 and OBS2)

The monitor data in 2014 and 2018 were obtained from the China
National Environmental Monitoring Center (CNEMC). Data quality
control and quality assurance followed those mentioned in the study by
Wang et al. (2014). There were 961 and 1584 monitoring stations in
2014 and 2018, respectively. In order to obtain gridded observation
data, OBS1 used the VNA method to interpolate air quality monitoring
data. VNA interpolation method uses the inverse distance weighting
(IDW) method (Ding et al., 2016; Wang et al., 2015). The equations are
as follows:
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where Gridg is the concentration of grid E, n is the number of neigh-
boring monitors within the maximum influence distance, Weight; is the
square distance weight of monitor i, C; is the observed concentration at
monitor i, and D; is the distance between grid E and monitor i. The
maximum influence distance was taken as 500 km. Some grid cells were
far away from any observation stations; therefore, these grid cells had no
values (as shown in Figure S1) and were not included in the analyses.
These grids were all located in western China, which has a tiny popu-
lation, and thus did not affect the health burden results.

Another commonly used interpolation method, the Ordinary Kriging
interpolation method, is used in OBS2. Ordinary Kriging is a linear
estimation system suitable for any inherently stationary random field
that satisfies the isotropy assumption (Rohde and Muller, 2015; Xie
et al., 2018). The formula is as follows:

Gridp = ) x C; 3
i=1

where /; is the weight coefficient monitor i. Here, 4; not only relies on
distance but also on the spatial arrangement of monitors. By fitting the
distance and semivariance between observation data, the semivariance
can be calculated according to the distance of any point, and /; is the
optimal coefficient of semivariance from an unknown point to all known
points, which were obtained in ArcGIS.

2.1.2. AQM data (PRE)

The Community Multi-scale Air Quality (CMAQ) model was applied
to simulate PM; 5 and O3 concentrations in China in 2014 and 2018 with
a grid resolution of 36 km x 36 km. This model has been used to provide
PM; 5 and Os fields in several health effect studies (Hu et al., 2017a; Liu
etal., 2020; Wang et al., 2019; Yang et al., 2020). A detailed description
of the model is described in these studies and references therein, and
therefore only a brief description is provided here. The CMAQ model
used in this study is a modified version of CMAQv5.0.2 (http://www.
cmascenter.org/cmaq/) with updated SOA formation pathways from
isoprene photochemistry (Hu et al., 2017b) and updated heterogeneous
formation of nitrate and sulfate (Hu et al., 2016). Anthropogenic air
pollutant emissions and biogenic emissions used in the simulation were
estimated using the Multi-resolution Emission Inventory of China
(MEIC) and the Model of Emissions of Gases and Aerosols from Nature
version 2.1 (MEGAN2.1). Model predictions have been extensively
evaluated against surface monitoring data in 2013, and satisfactory
model performance on surface PM; 5 and O3 concentrations has been
reported in a previous study (Hu et al., 2016). Details can be found there
and a brief evaluation of the predicted PM3 5 and O3 in 2014 and 2018 is
illustrated in Figure S2 in the Supporting Information.

2.1.3. Satellite-derived data (SAT)

The satellite-derived data were based on the ‘ChinaHighAirPollu-
tants’ (CHAP) dataset (Wei et al., 2020, 2021) for ground-level PM; 5
and Os. The PM, 5 dataset (available at https://doi.org/10.5281/zenod
0.4660858) was generated using a newly developed space-time
extremely randomized trees (STET) model based on the newly
released MODIS Collection 6 MAIAC 1 km AOD products, meteorolog-
ical variables, emissions, and auxiliary data, and its spatial resolution is
1 km. The O3 dataset (available at https://doi.org/10.5281/zenodo.
3988420) was generated using the extended STET model from the
OMI/Aura Total Column O3 products, as well as meteorological vari-
ables, pollutant emissions, and other auxiliary data. The spatial
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resolution of O3 was 25 km. Both the PM; 5 and O3 datasets have high
accuracy with a cross-validation coefficient of determination (CV-R?) of
0.90 and 0.84. The root-mean-square error (RMSE) of each dataset is
low, 10.09 pg/m3 for PM5 5 and 20.11 pg/m3 for Os.

2.1.4. Hybrid data (HYB1 and HYB2)

In this study, we adopted two-hybrid methods to generate the hybrid
datasets of HYB1 and HYB2. HYB1 combines the AQM data with the
monitoring observation data, and HYB2 combines the AQM data,
monitoring data, and the satellite-derived data. The difference between
the observed and the predicted concentrations was used to correct the
concentrations in the grids without monitors using the IDW method,
following the method used by Chen et al. (2014). The equations are as
follows:

HYBy = Gridg + Y | Weight; x AX; 4)
i=1

AXg = C; + Grid; 5)

where HYBg is the hybrid concentration of grid E, and Gridg is the
“simulated” concentration of grid E. Gridg is the CMAQ simulated con-
centration in HYB1 and is the average of the simulated and satellite-
derived concentration in HYB2 following the method used in the
Global Burden of Disease (2013) study (Brauer et al., 2016). C; and Grid;
represents the ambient observed and “simulated” concentration at
monitor i, respectively.

2.2. Health burden assessment

The Environmental Benefits Mapping and Analysis Program Com-
munity Edition (BenMAP-CE) version 1.5 developed by the U.S. EPA
(Sacks et al., 2018) was used in this study to estimate the premature
mortality due to exposure to PMy 5 and O3 in 2014 and 2018 respec-
tively. Estimation of premature mortality in BenMAP-CE has two steps:
the first step is to create an air quality surface as discussed in Section 2.1;
the second step is to estimate the PMys and Os-related premature
mortality using the following equation:

M =y,P[(RR—1) /RR] (6)

where yj is the baseline mortality rate due to a particular disease cate-
gory, including lung cancer (LC), chronic obstructive pulmonary disease
(COPD), ischemic heart disease (IHD), and stroke. The baseline mor-
talities in 2014 and 2018 were obtained from the China Public Health
and Family Planning Statistical Yearbook 2015, 2019 (CPHFPSY,
2015&2019). P is the population. In this study, gridded population data
were obtained from the LandScan™ database for 2014 (Bright et al.,
2015) and 2018 (Rose et al., 2019). LandScan™ spatial resolution is at
approximately 1 km (30” x 30”), and the population raster data was
converted to vector points and aggregated into 36 km x 36 km gird data
to match the resolution of the WRF-CMAQ domain.

Relative risk (RR) refers to the ratio of the probability of an event
occurring when a group of people are exposed to a certain risk and not
exposed to that risk. The RR of LC, COPD, IHD, and stroke from long-
term PMgys exposure was calculated using the integrated exposure-
response (IER) function (Burnett et al., 2014):

RR(C)=1+a{l —exp[ - (C - Cy)’]} @

where a, 5, and § are the exposure-response coefficients obtained from
Hu et al. (2017a). C is the annual mean PM5 5 concentrations in units of
pg/m> and Cy (2.4 pg/m°) is the threshold, below which it is assumed
that there is no additional risk. The RR of O3 exposure-related non--
accidental mortality was calculated as:

RR= expﬂ (c=¢y) (8)
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where f is the coefficient between the concentration and non-accidental
mortality and is obtained from Turner et al. (2015). C is the annual mean
maximum daily 8-h average O3 (O3-MDAS8) concentrations in units of
ppb and C is the threshold, which is 26.7 ppb in this study.

3. Results
3.1. Concentration changes

Table 1 illustrates the annual mean concentrations of PM5 5 and Os-
MDAS8 in 2014 and 2018 as estimated by the six different methods. The
concentrations represent annual mean over all of the study grids (shown
in Figure S1). The estimated annual mean PM; 5 in 2014 ranges from
32.1 to 52.2 pg/m®, generally falls in the range reported by Li et al.
(2021) (36.1 pg/m3) and Rohde et al.(Rohde and Muller, 2015) (52.0
ng/m?) for this year. The concentration of annual mean PMy 5 is esti-
mated to drop to 18.0-34.4 pg/m® in 2018. All six methods show a
declining trend of PMys, but the estimated PMy 5 levels are largely
different. The PRE method predicts the lowest country-wide mean PM5 5
both in 2014 (32.1 pg/m®) and 2018 (18.0 pg/m®), whereas the
observation-based methods (OBS1, OBS2, and SAT) generally yield
higher PM, 5 estimates (about 50 pg/m® in 2014 and over 30 pg/m°® in
2018). Not surprisingly, the hybrid methods (HYB1 and HYB2) yield the
medium estimates for PMy 5 in 2014 and 2018. The PM3 5 reduction
from 2014 to 2018 as estimated by PRE is 14.0 pg/m?, which is close to
that estimated by OBS1 (15.1 pg/m>) and OBS2 (17.6 pg/m®), but much
less than the value estimated by SAT (20.8 pg/m°>). Furthermore, the
hybrid methods yield the smallest PMy 5 changes (HYB1: 11.0 pg/m>
and HYB2: 10.1 pg/m3), which is similar to the result of Xiao et al.
(2020) with satellite data (11.2-12.8 pg/mg). Paired t-tests show that
the differences between the methods for PMs 5 (also for O3) are statis-
tically significant with p values less than 0.01.

The country-wide annual mean O3-MDAS8 concentrations in 2014 are
estimated at 39.2-48.7 ppb, which are consistent with 42.5 + 6.8 ppb
(mean =+ standard deviation) in a previous study (Lin et al., 2018). The
estimates for O3-MDAS8 in 2018 range from 43.0 to 51.8 ppb. All
methods capture the O3 increasing trend. In contrast to the results of
PM, 5, PRE generally produces the highest O3 estimates in both 2014
and 2018, but it produces the lowest O3 increase (3.1 ppb) among the six
methods. The Oz increase estimate between PRE and SAT (3.9 ppb) is
close. OBS2 yields the highest O3 increase (7.7 ppb), which is also much
higher than OBS1 (4.7 ppb) despite the same observation data being
used in the two methods.

Fig. 1 shows the spatial distribution of the changes in PM; 5 and Os-
MDAS concentrations between 2014 and 2018 (the spatial distributions
of PM; 5 in 2014 and 2018 of the six data sources are shown in Figure S3,
and those of O3- MDAS8 are shown in Figure S4). A decrease trend in
PM, 5 while an increase trend in O3 can be found in most parts of China,
as predicted from all six methods. All methods predict that PMy 5 in
Sichuan Heilongjiang, Jilin, Liaoning, Beijing, and Hebei provinces de-
creases more significantly, but the reduction degree is most obvious in
the PRE scenario. Some spatial differences can also be identified among
the six sources of data. For example, the PMj 5 concentrations in parts of
Xinjiang and Inner Mongolia increase slightly in OBS1 and HYBI,
whereas the concentrations decrease in PRE.

For O3, no matter which method is used, the increase is more obvious
in Hebei, Beijing, Shanxi, Henan, and Anhui provinces, compared to the
other provinces. The degree of O3 increase in PRE is the smallest. Some
spatial differences are also observed among the different sources of data.
OBS1 predicts that O3 decreases in Tibet and west part of Gansu, and
SAT predicts O3 decreases in Tibet, south part of Xinjiang, and most of
Southern China provinces. However, the declining O3 in these areas is
not captured in OBS2 and PRE.
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Table 1
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PM, s and O3-MDAS8 annual mean concentration and its changes in different data sources. C14 and C18 represent the annual mean concentration in 2014, 2018
respectively. AC equals to C18 minus C14, APWC equals to the difference between 2014 and 2018 PWC. OBS1: the data obtained from monitoring data with VNA
interpolation; OBS2: the data obtained from monitoring data with Kriging interpolation; PRE: the data obtained from CMAQ predictions; SAT:, the data obtained from
satellite-derived methods; HYB1: the data obtained from fused monitoring data and CMAQ data; HYB2: the data obtained from fused monitoring data, CMAQI data and

satellite data.

Data Sources PM, 5 (pg/mz) O3 (ppb)
Cl4 C18 AC PWC14 PWC18 APWC Cl4 C18 AC PWC14 PWC18 APWC

OBS1 48.2 33.0 —15.1 59.2 41.4 -17.8 41.6 46.3 4.7 41.8 49.3 7.5
OBS2 52.1 34.4 -17.6 59.4 41.5 —20.9 39.2 46.9 7.7 40.7 49.0 8.2
PRE 32.1 18.0 -14.0 68.4 38.1 -30.3 48.7 51.8 3.1 49.0 53.8 4.8
SAT 52.2 31.4 —20.8 66.2 40.5 —25.7 39.2 43.0 3.9 42.2 47.8 5.6
HYB1 41.5 30.5 —11.0 61.7 40.8 -17.9 43.7 48.0 4.3 43.5 50.6 7.1
HYB2 41.1 30.9 -10.1 57.4 40.5 -16.9 41.0 45.8 4.7 42.3 49.8 7.5
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Fig. 1. The spatial distributions of PM; 5 (unit: p.g/mg) (a—f) and O3-MDAS8 (unit: ppb) (g-1) annual mean concentration changes with OBS1 (a, g), OBS2 (b, h), PRE

(c, i), SAT (d, j), HYB1 (e, k), HYB2(f, 1).
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3.2. Health burden changes

Table 2 illustrates the annual premature mortality changes due to
changes in PMj 5 and O3 between 2014 and 2018 in China. The PMy s-
related premature mortalities vary from 1.38 (95% confidence intervals
(CI195): 1.05-1.60) to 1.47 (CI95: 1.12-1.64) million in 2014 among the
six methods. The numbers drop to 1.14 (CI95: 0.81-1.39) to 1.25 (CI95:
0.89-1.50) million in 2018. Therefore, PMy 5 improvement in China
from 2014 to 2018 reduce premature mortality by 158 (CI95: 142-159)
to 234 (CI95: 213-241) thousands. The PRE method estimates the
largest health benefit whereas HYB2 estimates the lowest benefit. Os-
related premature mortality is estimated to be 0.16 (CI95: 0.06-0.26) to
0.25 (CI95: 0.09-0.39) million in 2014, and increase to 0.25 (CI95:
0.09-0.40) to 0.31 (CI95: 0.12-0.50) million in 2018 by the six methods.
The number of Os-related premature deaths increase by 67 (CI95:
26-104) to 103 (CI95: 40-163) thousands owing to Os increases.

Fig. 2 panels (a) to (f) show the spatial distribution of PM; s5- and Os-
related mortality changes estimated with different methods. Most of the
methods show that PMj; s-related mortality is significantly reduced in
the eastern and central regions of China. Although the spatial distribu-
tions are generally consistent, some differences among the methods can
be observed in other regions. For example, OBS1, HYB1 and HYB2 show
the PM; s-related mortality increases in part of Xinjiang, Tibet, and
Inner Mongolia, whereas PRE shows slight PMj s-related mortality in-
creases in part of Yunnan, Guangdong, and Fujian. It is worth noting that
although the PMj 5 concentrations in Tibet decrease in PRE, the number
of premature deaths in PRE remains unchanged. This is because the
simulated annual mean concentration in Tibet in 2014 and 2018 is
below the threshold.

Fig. 2 panels (g)-(1) show that Os-related mortality increase signifi-
cantly in Hebei, Shanxi, Henan, Anhui, and Beijing. Moreover, PRE and
SAR estimate that Os-related mortality has decreased in part of Yunnan
whereas the other methods estimated an increasing trend. PRE estimates
increases in Os-related mortality in Guangxi, but all other methods es-
timate decreases. The SAT method also estimates that Os-related mor-
tality decreases in Guangdong, Fujian, and Zhejiang, which are not
observed in OBS1, OBS2, and PRE.

Fig. 3 shows the estimated changes in PMj 5 and O3 and their related
mortality averaged by grid population density. OBS1 and OBS2 in PM3 5
concentration changes show small variations from less to more densely
populated areas, whereas PRE and SAT exhibit a clear ‘U’ shape of
variations with population density. Except for OBS2, all the other

Table 2

PM, 5 and Os-related premature mortality and its changes with different data
sources from 2014 to 2018. M14 and M18 represent the premature mortality
attributed to PMy 5 and O3 in 2014, 2018 respectively. AM equals to M18 minus
M14. The numbers in the parentheses represent 95% confidence intervals.

Data PM, 5 (Thousand) O3 (Thousand)
Sources 14 M18 AM M14 M18 AM
OBS1 1403 1236 ~167 168 261 93
(1047, (878, (~169, (64, (100, (36,
1638) 1489) ~149) 269) 417) 148)
OBS2 1412 1249 ~163 160 263 103
(1058, (890, (~168, (61, (101, (40,
1646) 1502) ~144) 256) 419) 163)
PRE 1378 1144 _234 245 312 67
(1049, (808, (~241, (94, (120, (26,
1604) 1391) _213) 392) 496) 104)
SAT 1466 1241 _225 179 252 73
117, (880, (~237, (68, 7, (29,
1691) 1496) ~195) 286) 402) 116)
HYB1 1401 1224 ~177 186 277 o1
(1051, (868, (~183, 1, (106, (35,
1635) 1478) ~157) 298) 441) 143)
HYB2 1385 1227 ~158 173 267 94
(1029, (870, (~159, (66, (102, (36,
1623) 1481) ~142) 277) 425) 148)
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methods reveal an increasing trend in the O3 concentration changes with
increasing population density. Because of the minor impact of less
populated grids on mortality, the large difference in the mortality
changes due to the different methods are mainly in the areas with a
population density of around 10® people/km? for both PM, 5 and Os.
Such areas are mostly located in Central China (Figure S5). This is due to
the combined effect of population and concentration distributions. To
illustrate this effect, we calculated the population-weighted concentra-
tions (PWC), which is often used to characterize the overall population
exposure levels. The results are shown in Figure S6. The most substantial
difference in the changes in PWC among different data is found in
Central China, due to the difference in the changes in PMz 5 and O3
concentrations. Combined with large population in this region, the
changes in mortality exhibit large discrepancy when choosing different
exposure data.

4. Discussion

In this study, we estimated the changes in mortality associated with
the changes in PMjy 5 and O3 between 2014 and 2018 in China with six
exposure data derived from the most commonly used methods. Overall,
we find that the estimated changes can be up to 40% different for the
PM, s-related mortality and up to 30% for the Os-related mortality if
using different concentration data. The PM, s-related mortality change
estimated by SAT is close to that by PRE, with a relative difference is
within 5%. The Oj-related mortality changes estimated by SAT and
OBS1 are very close. The hybrid methods have become more popular
health burden studies. By combing different data, the hybrid methods
generally yield the medium estimates.

Table 3 compares the changes in the PM; 5 and O3 concentrations
and their related premature mortalities during the recent years in China
reported in previous studies and this study. The estimates in this study
by different sources of data fall in the ranges reported in previous
studies, both for PM; 5 and Os, although the study years in these studies
are slightly different. However, the difference in the estimates using
different methods is obvious. The PM; 5 concentration reduction from
2014 to 2018 is 14.0-20.8 pg/mg. The maximum difference can be over
30%. The minimum reduction of 14.0 pg/m? is estimated by PRE, and
the maximum reduction of 20.8 pg/m? is estimated by SAT. A similar
difference is also found for the period of 2013-2017, during which Xiao
et al. (2021) estimated of 18.0 pg/m3 PM; 5 reduction based on the
satellite data, which is almost double that estimated by Ding et al.
(2019) using the CMAQ predictions. The difference in the O3 change
estimates is even larger, ranging from 3.1 to 7.7 ppb (i.e., nearly 60%
relative difference).

The difference in the estimated concentration changes does not
necessarily correspond to the difference in the estimated mortality
changes. The PRE method gives the lowest PMj 5 reduction, but the
estimated avoided premature mortality is the highest among the six data
sources. The similar finding is observed when comparing the work by
Xiao et al. (2021) and Ding et al. (2019). The reason lies in the spatial
distributions in the population and PMj 5 and O3. The PWC results are
illustrated in Table 1. For PMy 5, the PWC values are all much greater
than the average concentrations, indicating that more people reside in
regions with higher PM5 5 concentrations. The PRE method yields the
highest PWC in 2014, even though its estimation for the concentration is
the lowest. The PMy 5 PWGC in 2018 estimated by PRE is 2-3 ug/m® lower
than that produced by the other methods, even though the concentration
is 12-16 pg/m® lower. This is due to that the PRE method tends to well
or slightly over-predict PMy5 in the populous regions but largely
under-predict PM3 5 in the remote, sparsely populated areas. As a result,
the PRE method gives the largest changes in PM; 5 PWC, and leads to the
greatest changes in the PMj s-related premature mortality. Interestingly,
the average concentrations and PWC of O3 are similar among all six data
sources, suggesting O3z is more spatially distributed than PMys. PRE
estimates the highest average O3 concentrations but the least changes in
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Fig. 2. The spatial distributions of PM, 5 (a—f) and Os-related (g-1) premature mortality changes with OBS1 (a, g), OBS2 (b, h), PRE (c, i), SAT(d, j), HYB1 (e, k),

HYB2(f, 1). The unit is people.

O3 PWC, leading to the lowest increase in the Os-related premature
mortality.

Overall, we suggest to use HYB2 for future health burden assessment.
Each of the OBS, PRE and SAT methods has its own advantages and
disadvantages. OBS accurately represents the exposure levels near the
monitoring sites, but the spatial coverage is limited. PRE can provide
concentrations over a large regional scale with high spatial and temporal
resolutions, but its accuracy often affected by the model and the inputs
data. SAT also can provide high resolution concentrations over a large
region, but the data quality is affected by the satellite observations and
the retrieval algorithms. By combining the different data, HYB2 data
have the potential to improve the data quality by cutting down each
other’s shortages.

Assessment of premature mortalities is also affected by uncertainties
in the exposure-response coefficients, population, and baseline

mortality rates. The uncertainties could be significant, as discussed in
previous studies (Ding et al., 2019; Li et al., 2021; Wang et al., 2020b;
Xie et al., 2018). These uncertainties also exist in our study, as indicated
by the relatively large CI95 ranges. However, even with the same
exposure-response coefficients, population and baseline mortality rate,
we find that the differences in estimating the changes in premature
mortality using different concentration data are significant enough so
that one must be cautious when conducting air pollution-health effects
studies. This is especially true for regions like Central China where the
difference in estimated concentration changes in PM5 5 and Oz is up to a
factor of 3, and the difference in estimated mortality changes is up to a
factor of 2. In addition to the data source, the parameter settings of
models might also affect the magnitude of the difference. Comparing
OBS1 and OBS2, even with the same observation data, the interpolation
methods bring about a 2.5 pg/m® (~15%) difference in estimating the
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Fig. 3. (a) PM, 5 and (b) O3-MDAS8 annual mean concentration changes in different population density grids with different data sources; (c) PM, s-related and (d) Os-
related premature mortality changes in different population density grids with different data sources.

Table 3
Comparison of results in this study and previous studies.
region year exposure Concentration change (ug/m® for PMy 5 and ppb for O;)  Mortality change (thousand) ~ References
PMys  China 2013-2017 Satellite —18.0 -176 Xiao et al. (2021)
China 2013-2017 CMAQ -9.0 —286 Ding et al. (2019)
China (74 key cities) 2013-2017 Monitors —25.2 —55 Huang et al. (2018)
China 2015-2018 Monitors -11.8 —-100 Wang et al. (2020a)
China 2015-2019  Monitors -12.9 —286 Maji (2020)
China 2014-2018 Monitors —15.1 (OBS1) —167 (OBS1) This study
—17.6 (OBS2) —163 (OBS2)
China 2014-2018 CMAQ -14.0 —234 This study
China 2014-2018  Satellite —20.8 —225 This study
China 2014-2018 Hybrid —11.0 (HYB1) —177 (HYB1) This study
—10.1 (HYB2) —158 (HYB2)
O3 Eastern China 2012-2017 GEOS- 8.9 11 Dang and Liao (2019)
Chem
China 2015-2017  WRF-chem 2.6 42 Silver et al. (2020)
China 2013-2017 NAQPMS 5.5 61 Wang et al. (2020b)
China (74 key cities) 2013-2017 Monitors 11.9 8 Huang et al. (2018)
China 2015-2018 Monitors 6.4 55 Wang et al. (2020a)
China 2014-2018  Monitors 4.7 (OBS1) 93 (OBS1) This study
7.7 (OBS2) 103 (OBS2)
China 2014-2018 CMAQ 3.1 67 This study
China 2014-2018  Satellite 3.9 73 This study
China 2014-2018 Hybrid 4.3 (HYB1) 91 (HYB1) This study
4.7 (HYB2) 94 (HYB2)

PM, 5 changes, and 3.0 ppb (—~40%) difference in estimating the O3
changes. Grid resolution and model parameterizations on meteorology
and chemistry may have some impacts on the PRE results. Liu et al.
(2020) demonstrated that model resolution could lead to over 20%
difference in premature mortality of Os. Nonetheless, the significant
difference would have important impacts on designing future emission
control plans. To resolve this issue, more observational and modeling
studies should be conducted in this region to improve the assessment of
population exposures and health impacts of air pollution.

5. Conclusions

Overall, our results demonstrate that exposure data derived from
different methods can result in significant difference in estimating the
premature mortality changes in China between 2014 and 2018. The
estimated mean changes are up to 40% different for the PM, s-related
mortality, and up to 30% for the Os-related mortality. The most signif-
icant difference up to factor of 2 or 3 due to the exposure data is found in
Central China for PM3 5 and Os. To the best of our knowledge, this is the
first effort to quantify the effects of the exposure data on estimating
changes in premature mortalities due to PMs 5 and O3 changes in China
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by using six methods to generate the exposure data. Future studies are
recommended to pay more attention in the areas like Central China to
improve the assessment of population exposures and health impacts of
air pollution.
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