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S1. Explicit GEOS-Chem simulations for selected years 

We use the global chemical transport model GEOS-Chem version 11-01[1] to estimate the 

global surface PM2.5 concentrations in 1951, 1960, 1970, 1980, 1990, 2000 and 2014. All these 

years with GEOS-Chem simulations are referred to as simulation years. For each year (e.g., 

2014), simulations are run for 18 months, with the first six months used for model spin-up. The 50 

basic model setup follows our previous studies[2,3]. Briefly, the model is run with full Ox-NOx-

VOC-CO-HOx gaseous chemistry and online aerosol calculations. It is driven by the MERRA2 

assimilated meteorology at a horizontal resolution of 2.5°longitude × 2.0°latitude with 47 

vertical layers with the lowest 10 layers of about 130 m thickness each. Vertical mixing in the 

planetary boundary layer employs a non-local scheme implemented by Lin et al.[4]. Model 55 

convection uses the relaxed Arakawa-Schubert scheme[5]. Dry deposition follows Wesely[6], 

with a number of modifications[7], for gases and Zhang et al.[8] for aerosols. Wet scavenging of 

soluble gases and aerosols follows Liu et al.[9], with further updates for BC[10]. 

 Simulated aerosols include SIOA (secondary inorganic aerosol, including sulfate, nitrate 

and ammonium), black carbon, POA (primary organic aerosol), SOA (secondary organic 60 

aerosol), mineral dust and sea salt. The SIOA formation adopts the ISORROPIA II 

thermodynamic equilibrium model[11], with updates on catalytic heterogeneous sulfate 

formation following Zhang et al.[12] and Lin et al.[2] and on nitrate formation following Heald 

et al.[13]. The mass of POA is assumed to be 1.8 times that of primary organic carbon (OC) to 

account for oxygen atoms contained[14]. The SOA simulation adopts the parameterization by 65 

Pye and Seinfeld[15]. Uptake of the hydroperoxyl radical on aerosols follows Lin et al.[16] and 

Ni et al.[17]. We use the CEDS inventory[18] for global anthropogenic emissions, with those in 

China over 2000–2014 replaced by MEIC[19-22], which account for the pollution control 

measures more comprehensively and may better represent the actual emissions in China over the 

recent years. Other emission information is detailed in Table S1. 70 

We include six full-chemistry simulations in each of those simulation years to estimate the 

surface PM2.5 concentrations contributed by anthropogenic emissions of the four income groups. 

Contrasting to the control simulation (CTL, i.e. the all-emissions simulation) which contains all 

anthropogenic and natural emissions, five zero-out simulations exclude anthropogenic emissions 

globally (xANTH), in the high-income group (xHIGH), in the upper middle group (xUPPER), in 75 
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the lower middle group (xLOWER) and in the low-income group (xLOW), respectively. For 

each component of PM2.5, the difference between CTL and xHIGH represents the contribution 

from anthropogenic emissions in the high-income group; and the contributions from other groups 

are estimated similarly (denoted by 𝐶𝑔,𝑝,𝑖
𝑦

 in Eq. 1). The xANTH simulation (i.e., 𝐶𝑛𝑎𝑡𝑢𝑟𝑎𝑙,𝑖
𝑦

 in Eq. 

1) contains the contribution of all PM2.5 sources not allocated to the four groups, including 80 

natural emissions and international shipping and aviation emissions; hereafter this contribution is 

referred to as “natural” for simplicity. 

As shown in Eq. 1, we use the sum of anthropogenic PM2.5 mass concentrations contributed 

by the four groups and those contributed by all other sources as the reference “total surface PM2.5 

concentrations”. This method, instead of directly using the PM2.5 concentrations from CTL as the 85 

reference, removes the slight effect of chemical nonlinearity in source attribution[2,3]. Later, 𝐶𝑖
𝑦

 

(with y equal to 2014) is compared to satellite-derived surface PM2.5, and is employed to 

establish a conversion map to correct CTM bias (see detailed information in Supplementary 

Material S3). 

𝐶𝑖
𝑦
= 𝐶𝑛𝑎𝑡𝑢𝑟𝑎𝑙,𝑖

𝑦
+ ∑ ∑ 𝐶𝑔,𝑝,𝑖

𝑦
𝑝𝑔   (1) 90 

Here, the subscript g denotes four country groups, including high-income, upper middle 

income, lower middle income and low-income group. The subscript p denotes PM2.5 

components, including SIOA (adding up sulfate, nitrate and ammonium), BC, POA, SOA 

(TSOA + ISOA + ASOA in the model), fine dust (DST1 + 0.38 × DST2 in the model), and fine 

sea salt particles (SALA in the model), following the model default. The subscript i denotes the 95 

model grid cell (at a spatial resolution of 2.5° longitude × 2.0° latitude). The superscript y 

denotes the simulation year (1951, 1960, 1970, 1980, 1990, 2000, or 2014). 

All simulations are conducted with fixed meteorological conditions in the year of 2014 to 

better quantify the impacts of anthropogenic emissions. To test the effect of this choice, we 

conduct sensitivity simulations for 1990 using the meteorology of that year. As shown in Fig. S3, 100 

the estimated global premature deaths attributed to each group are comparable (within 8%) by 

using either the 1990 or 2014 meteorological conditions, so are the estimated nonlocal deaths. 
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S2. Derivation of consecutive yearly PM2.5 concentrations 

In this study, the total PM2.5 concentrations are contributed by three categories: (1) 

anthropogenic SIOA, BC and POA, (2) anthropogenic SOA, and (3) natural aerosols. The 105 

following describes how each category of PM2.5 is derived for each year. 

S2.1 Calculation of consecutive yearly anthropogenic SIOA, BC and POA based on 

chemical efficiencies 

For anthropogenic SIOA, BC and POA, we use chemical efficiencies (CEs) and historical 

anthropogenic emissions to obtain concentrations on a yearly basis, following our previous 110 

work[2,3,23]. CEs represent how long each PM2.5 components can remain in the atmosphere, 

after a given amount of its (or its precursors’) emissions are released. For BC and POA, their 

CEs are the same as the residence time in the atmosphere. For SIOA, the CE depends on both the 

speed of conversion from precursors to SIOA and the residence time of SIOA. 

Eq. 2 shows how the CEs of BC, POA and SIOA contributed by the four groups are 115 

established based on the model simulations in each simulation year (1951, 1960, 1970, 1980, 

1990, 2000 or 2014). 

𝐶𝐸𝑔,𝑝,𝑖
𝑦

= 𝐶𝑔,𝑝,𝑖
𝑦

/𝐸
𝑔,𝑝′
𝑦

  (2) 

Here, the subscript 𝑝′ denotes the emitted species (NOx+SO2+NH3, BC and POA), and 𝑝 

denotes the respective PM2.5 components (SIOA, BC and POA). The subscript i denotes the 120 

model grid cell and g the country group. The superscript y denotes the simulation year. 𝐸
𝑔,𝑝′
𝑦

 

represents the total anthropogenic emissions of 𝑝′ in year y in country group g, and 𝐶𝑔,𝑝,𝑖
𝑦

 

represents the concentration of PM2.5 component p in grid cell i caused by 𝐸
𝑔,𝑝′
𝑦

. Following 

previous studies[2,3,23], for SIOA, the CE is calculated by dividing the concentration of SIOA 

(adding up sulfate, nitrate and ammonium) by the sum of emissions of SO2 (expressed in terms of 125 

sulfate), NOx (expressed in terms of nitrate) and NH3 (expressed in terms of ammonium), to 

reduce the nonlinear effect of thermodynamic equilibrium.  

Then we employ linear interpolation between two adjacent simulation years to obtain yearly 

CE of SIOA (𝐶𝐸𝑔,𝑆𝐼𝑂𝐴,𝑖
𝑡 , with t ranging from 1950 to 2014), BC (𝐶𝐸𝑔,𝐵𝐶,𝑖

𝑡 ) and POA (𝐶𝐸𝑔,𝑃𝑂𝐴,𝑖
𝑡 ). 
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For the year of 1950, the CEs in 1951 are directly applied. We subsequently use the interpolated 130 

CEs to convert the year- and group-specific anthropogenic emissions to respective gridded 

concentrations worldwide (Eq. 3).  

𝐶𝑔,𝑝,𝑖
𝑡 = 𝐶𝐸𝑔,𝑝,𝑖

𝑡 × 𝐸𝑔,𝑝′
𝑡   (3) 

According to our previous studies[2,3], the application of chemical efficiencies introduces 

slight errors from two aspects. Firstly, the use of CE may lead to a slight error (about 8%) for 135 

SIOA due to the thermodynamic interdependence between sulfate, nitrate and ammonium. 

Secondly, there are multiple regions in each income group, as shown in Fig. S1. It means that the 

spatial pattern of emissions within each income group may slightly change year to year. 

However, linear interpolation of CEs between simulation years could reduce this error. 

To quantify how the uncertainty in yearly CEs caused by linear interpolation affects the 140 

mortality calculation, we further examine three alternative methods to obtain the yearly CEs. 

Method 1 applies the CEs of a simulation year to all following non-simulation years until the 

next simulation year. For example, the CEs of 1990 are applied to 1991–1999. Method 2 applies 

the CEs of a simulation year to all prior non-simulation years until the previous simulation year. 

For example, the CEs of 2000 are applied to 1991–1999. Method 3 applies the CEs of a 145 

simulation year to its closest non-simulation years. For example, the CEs of 1990 are applied to 

1991–1994, the CEs of 2000 are applied to 1996–1999, and the average CEs of 1990 and 2000 

are applied to 1995. The estimated global population-weighted PM2.5 based on these three 

alternative methods are shown in Fig. S12. On a yearly basis, these alternative methods lead to 

maximum differences (relative to the above linear interpolation approach) by about 9%, 15%, 150 

5% and 4% for the population-weighted PM2.5 attributed to the high-income, upper middle, 

lower middle and low-income groups, respectively. These errors are embedded in the overall 

error associated with the use of CEs (σ3, see Supplementary Material S5). 

S2.2 Calculation of consecutive yearly anthropogenic SOA 

For anthropogenic SOA, we apply linear interpolation to all non-simulation years between 155 

two adjacent simulation years to obtain consecutive yearly anthropogenic SOA (𝐶𝑔,𝑆𝑂𝐴,𝑖
𝑡  in Eq. 4, 

with t ranging from 1950 to 2014). For 1950, we use the SOA in 1951 directly. Then, the 
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anthropogenic PM2.5 at the model grid cell i contributed by country group g in year t can be 

obtained (Eq. 4). The subscript p denotes SIOA, BC and POA.  

𝐶𝑔,𝑖
𝑡 = 𝐶𝑔,𝑆𝑂𝐴,𝑖

𝑡 + ∑ 𝐶𝑔,𝑝,𝑖
𝑡

𝑝    (4) 160 

For a sensitivity test, we adopt the CE based approach (same as that for SIOA, BC and 

POA) to calculate yearly SOA, with the CE calculated as anthropogenic SOA 

(TSOA+ISOA+ASOA in the model) concentrations divided by anthropogenic NMVOC 

emissions. Figure S4 shows that the annual mean global population-weighted SOA 

concentrations caused by any income group are similar (with NRMSD within 2–7%) between the 165 

direct interpolation and the CE based method.  

GEOS-Chem and most other CTMs tend to underestimate SOA concentrations[24]. Over 

anthropogenic emission-heavy regions like eastern China, total (anthropogenic + natural) SOA 

contribute about 15-30% of the total annual surface PM2.5[24-26]; and anthropogenic emissions 

are more important than biogenic sources. In other regions like the US, SOA is mainly 170 

contributed by biogenic sources; and the contributions of anthropogenic SOA to total PM2.5 are 

on the order of 10%[27-29]. Our present study focuses on anthropogenic impacts, thus using 

either the interpolation- or CE-based method to calculate SOA has a minor effect on our analysis 

of anthropogenic premature mortality. 

S2.3 Natural and total PM2.5 175 

Natural emissions of PM2.5 and precursors are shown in Table S1. Natural emissions are 

determined by meteorological conditions, leaf area index (LAI, affecting biogenic NMVOC and 

soil NOx emissions), and biomass burning. We fix the meteorological conditions at the 2014 

level, but allow LAI and biomass burning to change slightly (see the footnote of Table S1). The 

changes in LAI and biomass burning have insignificant effects (within 2%) on the simulated 180 

natural PM2.5 concentrations. Thus, in effect, the simulated natural PM2.5 represents the situation 

in 2014. Nevertheless, we employ linear interpolation to derive natural PM2.5 for non-simulation 

years and thus obtain consecutive yearly natural PM2.5 data (𝐶𝑛𝑎𝑡𝑢𝑟𝑎𝑙,𝑖
𝑡 , with t ranging from 1950 

to 2014), as done for SOA. Therefore, the total PM2.5 concentration in year t at model grid cell i 

(𝐶𝑖
𝑡) can be obtained by Eq. 5. Here the subscript g denotes the income group. Later, 𝐶𝑖

𝑡 is 185 

corrected and validated based on satellite-derived surface PM2.5 data (see Supplementary 
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Material S3), with corrected PM2.5 used to estimate premature deaths (see Supplementary 

Material S4). 

𝐶𝑖
𝑡 = 𝐶𝑛𝑎𝑡𝑢𝑟𝑎𝑙,𝑖

𝑡 +∑ 𝐶𝑔,𝑖
𝑡

𝑔   (5) 

S3. GEOS-Chem evaluation and adjustment 190 

The PM2.5 simulation by GEOS-Chem has been evaluated extensively by previous 

studies[2,12,14,30], including comparisons with ground, satellite and airborne measurements. 

Here, we briefly compare the simulated surface PM2.5 with satellite-derived PM2.5 data 

worldwide and derive scaling factors to correct systematic model biases on a grid cell basis. The 

satellite-derived PM2.5 data are estimated by combining satellite retrieved aerosol optical depth 195 

and GEOS-Chem model, with further calibration based on massive global ground-based PM2.5 

observations and geographically weighted regression. 

We compare the explicitly simulated (i.e., without application of CEs) annual mean 

population-weighted PM2.5 with the satellite-derived PM2.5 concentrations (V4.GL.02)[31] over 

12 main regions and the globe for 2014 (Fig. S13) and 2000 (Fig. S14). We re-grid the satellite-200 

derived PM2.5 concentrations from its original horizontal resolution (0.1° longitude x 0.1° 

latitude) to model resolution (2.5° longitude × 2.0° latitude) to facilitate the comparison. 

Examination of population-weighted PM2.5 allows focused model evaluation over densely 

populated areas. In 2014 (Fig. S13), the simulated PM2.5 concentrations are consistent with 

satellite-derived data, with R2 of 0.83–0.98 and NRMSD of 1.6%–7.8% across the regions. In 205 

2000 (Fig. S14), R2 ranges from 0.79 to 0.99 and NRMSD from 1.7% to 8.0%. The NRMSD in 

China in 2000 (8.0%) is the largest among the regions in the two years; and this value is used to 

present the random part of CTM errors (σ2, see Supplementary Material S5) not captured by the 

following satellite-based correction. 

We correct the systematic CTM bias using the satellite-derived PM2.5 data. We calculate the 210 

ratio of satellite-derived to simulated PM2.5 concentrations for each grid cell in 2014 (Eq. 6), and 

subsequently apply the gridded ratios to all years over 1950–2014 (Eq. 7). 

 𝑅𝑗
𝑏 = 𝐶𝑗

𝑠,𝑏/𝐶𝑖
𝑏  (6) 

𝐶𝑗
𝑡 = 𝑅𝑗

𝑏 × 𝐶𝑖
𝑡  (7) 
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Here the superscript b denotes the year of 2014, t the year between 1950 and 2014, and s the 215 

satellite-based data. 𝐶𝑗
𝑠,𝑏

 denotes the satellite-derived PM2.5 at grid cell j on the 0.1° longitude × 

0.1° latitude grid; and 𝐶𝑖
𝑡 denotes the pre-adjusted PM2.5 on the 2.5° longitude × 2.0° latitude 

grid. The center of the finer grid cell j is located in the coarser grid cell i.  

Comparison of the resulting yearly PM2.5 concentrations (𝐶𝑗
𝑡 in Eq. 7) with the satellite-

derived data over 2000–2013 on the 0.1° longitude × 0.1° latitude grid shows R2 of 0.91–0.99 220 

and NRMSD within 1% (see details in Table S2). This supports the robustness of our correction 

method.  

It is worthy to note that the simulated PM2.5 concentrations are obtained using GEOS-Chem 

with fixed meteorological conditions, and the satellite-derived PM2.5 data represent real-world 

concentrations with meteorological effects. Despite all this, the comparison in this study is still 225 

valid because the meteorological effects are small when focusing on annual mean PM2.5 

concentrations and the related health impacts, which could be supported by Fig. S3, Fig. S14 and 

Table S2. 

S4. Premature deaths caused by ambient PM2.5 exposure 

We use the GEMM model[32] to estimate the PM2.5-related premature deaths. All mortality 230 

results presented in the main text are based on the GEMM NCD+LRI method[32], which link the 

deaths due to non-communicable diseases (NCDs) and lower respiratory infections (LRIs) 

associated with ambient PM2.5 exposure.  

To derive the mortality, we use the country-, year-, age- and disease-specific baseline 

mortality data from the GBD2017 database[33], which are available since 1990. We take the 235 

country-, year-, and age-specific population data from the World Population Prospects 2019 

(WWP)[34], which are available since 1950. We calculate the baseline mortality rates since 1990 

from the above population data and baseline mortality data. The baseline mortality rates in 1990 

are applied to all prior years due to data limitation. Following previous studies[2,3], we assume 

the age-, year-, disease- and country-specific baseline mortality rate remains unchanged within 240 

each country, and assume the age-, year- and country-specific age-structure remains unchanged 

within each country. 
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To calculate the mortality for each grid cell, we further adopt the gridded population 

distribution on a 0.1° x 0.1° grid from the GBD2016 health database for the years of 1990, 1995, 

2000, 2005, 2010, 2011, 2012, 2013 and 2014. For the years with available gridded GBD 245 

population databases, we use the country-based WPP data to adjust the GBD data within each 

country. For the years without gridded GBD population databases (e.g., 2001), we apply linear 

interpolation to obtain the horizontal distributions. The horizontal shape of population in 1990 is 

applied to prior years.  

Following previous studies[2,14,35], we attribute the total PM2.5-related premature deaths to 250 

each source by a direct proportion approach, which assumes that the contribution of each 

pollution source to the health burden of that pollution is the same as the contribution of that 

source to the pollution concentration.  

We test the effect of using fixed baseline mortality rates for the years prior to 1990, by 

applying the trends of the rates either over 1990–2000 or over 1990–2014 to prior years 255 

following a previous study[36]. These alternative methods lead to slight differences in the 

calculated mortality numbers (within 10% for global annual total, Fig. S5). 

We compare our GEMM NCD+LRI based results with previous studies using the same 

exposure-response model[2,3,32,37] (Fig. S8b). The results in this study are consistent with our 

two previous studies[2,3]. The differences (within 20%) in global mortality between our results 260 

and those from Burnett et al.[32] (for 2015) and Chowdhury et al.[37] (for 2000 and 2015) 

mainly reflect the updated baseline mortality data used here, as detailed in Supplementary Data 2 

of Lin et al.[2]. In addition, we estimate the premature mortality on a grid cell basis using 

location-specific PM2.5 concentrations, instead of using the national average PM2.5 

concentrations, as done in Burnett et al.[32] and Chowdhury et al.[37].  265 

To further examine the effects of exposure-response model used, we employ the Integrated 

Exposure-Response model (IER)[38] as a sensitivity test to re-estimate the PM2.5-related 

mortality. We then compare the resulting mortality numbers to previous IER-based studies (Fig. 

S8a). Our results here are consistent with our two previous studies for 2014[2,3] and Lelieveld et 

al. for 2010[39]. The mortality estimate by Butt et al.[36] for 1960–2009 based on un-corrected 270 

UKCA climate model simulations of PM2.5 (the pink line in Fig. S8a) is systematically lower 

than ours (the black line), although with similar trends, mainly because of their underestimate of 
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PM2.5 concentrations. Their test using the GBD PM data (the green line in Fig. S8a) shows global 

mortality close to ours for 1990–2010. In addition, the mortality calculation is subject to 

continuously updates of IER parameters and baseline mortality data. As evident from Fig. S8a, 275 

the multiple GBD studies themselves show notable differences in the estimated mortality[40-44]. 

Our mortality estimate differs from Zhang et al.[14] for 2007 and Shindell et al.[45] for 2010 

because these two studies employ older versions of IER parameters and baseline mortality data 

from GBD2010[38,43] whereas we employ the parameters from GBD2016[42] and the baseline 

mortality data from GBD2017[44]. Our calculated mortality trend is consistent with 280 

GBD2017[44] and GBD2016[42]. Overall, all the differences discussed above are within the 

uncertainty range of our study. 

Note that compared to IER, GEMM NCD+LRI is built purely based on cohort studies of 

outdoor air pollution that covers much of the range of ambient PM2.5 concentrations 

worldwide[32]. Different from five specific diseases included in IER, GEMM NCD+LRI 285 

considers all non-communicable diseases and LRIs[32]. Thus GEMM NCD+LRI results in a 

systematically higher estimate of mortality than IER[32]. Our previous test shows that using the 

GEMM model but including the five diseases only would lead to global mortality lower than that 

based on GEMM NCD+LRI by 32% but higher than the IER-based result by 43% 

(Supplementary Data 2 of Lin et al.[2]). However, for the analysis of transboundary mortality 290 

and embedded inequality, the choice of exposure-response model (IER or GEMM) has little 

effect on the conclusion. 

We further compare the transboundary health impacts calculated in this study with previous 

studies. The annual contribution of transboundary deaths to PM2.5-associated global total deaths 

ranges from 12% to 15% over 1950–2014, with an average value at 14%. These values are 295 

comparable to Zhang et al.[14] focusing on the year of 2007 (12%). We also compare our results 

with the transboundary studies in HTAP which focused on the years of 2001[46] and 2010[47]. 

The HTAP studies modeled the response of worldwide PM2.5 pollution and mortality to a 20% 

emission reduction in each source region, a source-receptor analysis approach which is different 

from our source attribution approach based on “zero-out” simulations. Zhang et al.[14] showed 300 

that the transboundary impact fraction based on the “zero-out” method is about 2.4 times of that 

based on “20% emission reduction” (i.e., 12% versus 5%). This difference can be explained by 

the nonlinearity in model chemistry (i.e., conversion from emissions to concentrations) and 
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pollution exposure-response functions. Scaling the transboundary impact fractions derived in the 

two HTAP studies by a factor of 2.4 (to approximate the fractions based on “zero-out” 305 

simulations) would lead to a transboundary impact fraction in 2001 at 15.9% (scaled from 6.6% 

in Anenberg et al.[46]), and at 10.2% in 2010 (scaled from 4.3% in Liang et al.[47]). These 

scaled fractions are comparable to the results in this study. 

S5. Uncertainty 

Our calculated mortality results are affected by errors in anthropogenic emissions (σ1, as 310 

one standard deviation), GEOS-Chem simulations (σ2), application of chemical efficiencies and 

linear interpolation (σ3), and GEMM NCD+LRI pollution exposure-response modeling (σ4). See 

detailed discussion about these uncertainty sources in our previous study[2]. Briefly, the 

emission errors (σ1) are embedded in GEOS-Chem simulations (σ2). Based on the comparison 

of GEOS-Chem simulated PM2.5 concentrations against satellite-based data for 12 individual 315 

regions in 2014 (Fig. S13) and 2000 (Fig. S14), we use the NRMSD in China in 2000 (8%, the 

largest value among the 12 regions in the two years) to represent the random part of CTM errors 

not captured by the satellite-based correction. Following our previous study[2,3,23], we assign a 

15% error to σ3. We apply the uncertainty ranges of individual parameters in GEMM[32] to 

quantify σ4. The overall uncertainty in PM2.5-related annual premature deaths is calculated as the 320 

sum in quadrature of σ2 (the random part), σ3 and σ4. All the factors overall introduce a 38% 

error (two standard deviations) to our best estimates of premature deaths presented in the main 

text. 

S6. Decomposition of anthropogenic PM2.5-related premature deaths 

We employ a decomposition method to decompose the anthropogenic PM2.5-related 325 

premature deaths into the individual effects of three factors, including baseline mortality rate (B), 

exposed population (POP, including size and age structure) and PM2.5 pollution (PM). According 

to the function of GEMM NCD+LRI, the change in anthropogenic PM2.5-related premature 

mortality (M) from one year to another can be decomposed as: 

∆𝑀 = ∆𝐵 × 𝑃𝑂𝑃 × 𝑃𝑀 + 𝐵 × ∆𝑃𝑂𝑃 × 𝑃𝑀 + 𝐵 × 𝑃𝑂𝑃 × ∆𝑃𝑀  (8) 330 
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Here, ∆𝑀 denotes the change in anthropogenic premature deaths. Each of the three terms on 

the right-hand side of the Eq. 8 denotes the contribution of baseline mortality rate, population, 

and PM2.5 pollution, respectively.  

Our decomposition method is similar to Structural Decomposition Analysis (SDA) which is 

a widely used approach to break down the observed changes in physical variables like energy 335 

consumption or CO2-emissions into the changes in its determinants[48-52]. Similar to 

conducting an SDA, evaluating different terms for the start or end point of the investigated time 

period is possible. Considering that there are three factors in Eq. 8, there are 3! = 6 possible first-

order decompositions, which are all used in this study to derive the averaged decomposition 

results.  340 
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Supplementary Tables 

Table S1: Emissions used in this study. 

a Before re-gridded to model horizontal resolutions. For more information, see http://wiki.seas.harvard.edu/geos-345 
chem/index.php/Anthropogenic_emissions. 
b Notes for NMVOC: CEDS includes C2H6, C3H8, ALK4, C2H4, PRPE, C2H2, BENE, TOLU, XYLE, CH2O, ALD2 and MEK. In 

GEOS-Chem, MEK emissions are further allocated to MEK (25%) and ACET (75%). MEIC includes PRPE, MEK, CH2O, C3H8, 

C2H6, ALK4, ALD2, ACET. 
c We apply a scale factor (i.e., the ratio between the total NMOVC emission in 2014 and that in 2012) to each gridded NMVOC 350 
species in 2012 to obtain the respective gridded emission in 2014. 
d The CEDS emission data are replaced by MEIC over China area from 2000 to 2014. 
e The simulations prior to 2000 employ the GFED4 data in 1997, and the simulations in 2000 and 2014 use the year-specific 

GFED4 data. 
f MEGAN uses the MODIS LAI data. The LAI data for 2005 are used for simulations in 2000 and prior years, and the LAI data 355 
for 2008 are employed for simulations in 2014.  

Region Inventory Resolutiona Year Speciesb References and notes 

Anthropogenic emissions 

Global  CEDS 0.5°×0.5°, 

monthly 

1950-

2014 

BC, CO, NH3, NOX, 

SO2, OC, NMVOC 

Hoesly et al.[18] 

Global AEIC, aircraft 1°x 1°, annual 2005 NO, SO2, CO, BC, OC, 

NMVOC 

Simone et al.[53] 

Global ARCTAS, shipping 1°x 1°, annual 2008 SO2 Eyring et al.[54,55] 

Global ICOADS, shipping 1°x 1°, 

monthly 

2002 CO, NO Wang et al.[56] 

Europe EMEP_shipping 1°x 1°, annual 2012 CO, SO2, NO https://www.ceip.at[57] 

Chinad MEIC 0.25°x0.25°, 

monthly 

2000-

2014 

NOx, CO, SO2, BC, 

OC, NH3, NMVOCc 

MEIC web[20]; Geng et al.[19]; 

Li et al.[21]; Zheng et al.[22] 

Other emissions 

Global GFED4 biomass 

burning 

0.25°x0.25°, 

monthly 

Year-

specifice 

NO, CO, NMVOC, 

SO2, NH3, BC, OC, 

POG1, POG2, NAP 

Giglio et al.[58] 

Global   MEGAN biogenic 

NMVOC 

Model 

resolution 

Year-

specificf 

ISOP, ACET, PRPE, 

C2H4, ALD2  

Guenther et al.[59] 

Global Soil NOx Model 

resolution 

2014 NO Hudman et al.[60] 

Global Lightning NOx Model 

resolution 

2014 NO Murray et al.[61] 

Global DEAD Model 

resolution 

2014 Mineral dust Fairlie et al.[62,63], Zhang et 

al.[64] 

Global Jaeglé et al. Model 

resolution 

2014 Sea salt Jaeglé et al.[65] 
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Table S2: Comparison between simulated and satellite-derived population-weighted surface 

PM2.5 concentrations (μg/m³) from 2000 to 2014. The comparisons conducted at a 2.5°x 2.0° 

resolution employ the reference PM2.5 (as shown in Eq. 1) simulated by GEOS-Chem . The 

comparisons conducted at a 0.1°x 0.1° resolution employ the corrected and CEs-based PM2.5 360 

concentrations. The comparison method is the same with Fig. S13 and Fig. S14. Regions include 

China (CH), rest of East Asia (EA), South Asia (SA), South-East Asia and Pacific (SE), Economics 

in Transition (ET), Western Europe (WE), the United States (US), rest of North America (NA), 

Middle East and North Africa (MN), Latin America and Caribbean (LA), Sub-Saharan Africa (SS), 

Japan and Korea + Oceania (JO) and the whole world. The NRMSD is expressed as percentage.  365 

  CH EA SA SE ET WE US NA MN LA SS JO World 

2000 (at 2.5°x 

2.0°) 

R2 0.96 0.99 0.93 0.79 0.91 0.94 0.96 0.97 0.93 0.96 0.97 0.97 0.90 

NRMSD 8.0 2.2 7.4 7.7 3.3 7.9 3.4 1.7 4.7 1.9 2.2 2.5 1.8 

2000 (at 0.1°x 

0.1°) 

R2 0.98 1.00 0.98 0.96 0.99 0.91 0.99 0.99 0.99 0.99 0.96 1.00 0.97 

NRMSD 0.4 0.2 0.3 0.7 0.1 1.1 0.2 0.2 0.1 0.2 0.2 0.1 0.1 

2001 (at 0.1°x 

0.1°) 

R2 0.98 1.00 0.98 0.98 0.99 0.91 0.99 1.00 0.99 0.99 0.98 1.00 0.98 

NRMSD 0.3 0.2 0.3 0.4 0.1 1.0 0.1 0.1 0.1 0.1 0.2 0.1 0.1 

2002 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.98 0.98 0.99 0.93 0.99 1.00 0.99 0.99 0.98 1.00 0.98 

NRMSD 0.3 0.1 0.3 0.4 0.1 0.8 0.1 0.3 0.1 0.1 0.2 0.1 0.1 

2003 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.98 0.98 0.99 0.91 0.99 0.98 0.99 0.99 0.99 1.00 0.98 

NRMSD 0.3 0.2 0.3 0.4 0.1 0.9 0.1 0.3 0.1 0.1 0.1 0.1 0.1 

2004 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.99 0.98 0.99 0.93 0.99 0.99 0.99 0.99 0.98 1.00 0.98 

NRMSD 0.3 0.2 0.3 0.4 0.1 1.0 0.1 0.3 0.1 0.1 0.2 0.2 0.1 

2005 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.99 0.99 0.98 0.93 0.99 0.99 0.99 0.99 0.97 1.00 0.99 

NRMSD 0.2 0.3 0.2 0.3 0.1 1.0 0.1 0.2 0.1 0.1 0.2 0.2 0.1 

2006 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.99 0.98 0.97 0.91 1.00 0.99 0.99 1.00 0.98 1.00 0.99 

NRMSD 0.3 0.2 0.2 0.4 0.2 0.8 0.1 0.2 0.1 0.1 0.2 0.2 0.1 

2007 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.99 1.00 0.99 0.91 0.99 1.00 0.99 1.00 0.98 1.00 0.99 

NRMSD 0.2 0.3 0.2 0.3 0.1 1.0 0.1 0.1 0.1 0.1 0.2 0.1 0.1 

2008 (at 0.1°x 

0.1°) 

R2 1.00 1.00 0.98 1.00 0.98 0.93 0.99 1.00 0.97 1.00 0.96 1.00 0.98 

NRMSD 0.2 0.2 0.3 0.3 0.1 1.0 0.2 0.2 0.2 0.1 0.2 0.1 0.1 

2009 (at 0.1°x 

0.1°) 

R2 1.00 1.00 0.99 0.99 0.99 0.93 1.00 0.99 0.98 1.00 0.99 1.00 0.99 

NRMSD 0.2 0.1 0.2 0.4 0.1 0.8 0.2 0.2 0.2 0.1 0.1 0.1 0.1 

2010 (at 0.1°x 

0.1°) 

R2 1.00 1.00 0.99 0.99 0.99 0.91 1.00 0.99 0.99 0.99 0.98 1.00 0.99 

NRMSD 0.2 0.5 0.2 0.3 0.1 0.9 0.2 0.2 0.1 0.1 0.2 0.2 0.1 

2011 (at 0.1°x 

0.1°) 

R2 1.00 1.00 0.99 0.99 0.99 0.92 0.99 1.00 0.98 0.99 0.99 1.00 0.99 

NRMSD 0.3 0.6 0.2 0.6 0.1 0.8 0.1 0.1 0.2 0.1 0.1 0.4 0.1 

2012 (at 0.1°x 

0.1°) 

R2 1.00 1.00 1.00 1.00 0.99 0.93 1.00 1.00 0.98 0.99 0.98 1.00 0.99 

NRMSD 0.4 0.9 0.2 0.2 0.1 0.8 0.1 0.1 0.2 0.1 0.2 0.4 0.1 

2013 (at 0.1°x 

0.1°) 

R2 0.99 1.00 0.99 1.00 0.99 0.94 1.00 1.00 0.99 0.99 0.99 1.00 0.99 

NRMSD 0.2 0.1 0.2 0.2 0.1 0.6 0.1 0.1 0.1 0.1 0.1 0.1 0.1 

2014 (at 0.1°x 

0.1°) 

R2 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 

NRMSD 0 0 0 0 0 0 0 0 0 0 0 0 0 

2014 (at 2.5°x 

2.0°) 

R2 0.94 0.99 0.96 0.83 0.90 0.89 0.98 0.95 0.95 0.95 0.94 0.98 0.94 

NRMSD  6.4 3.7 7.0 7.8 3.5 6.1 3.6 2.5 4.1 2.0 3.9 2.2 1.6 



 

16 

 

Supplementary Figures 

 

Fig. S1. Income group classification. The classification of country groups follows the World 

Economic Situation Prospects 2018[66], including high-income, upper middle income, lower 370 

middle income and low-income.  
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Fig. S2. Methodological flowchart to calculate yearly mortality. 
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 375 

Fig. S3. Annual anthropogenic PM2.5-related premature deaths caused by four income 

groups in 1990. The wider bars are obtained based on GEOS-Chem simulations driven by 

meteorological conditions in 1990. The narrower bars are based on simulations driven by 

meteorological conditions in 2014. The numbers represent the percentage contributions of 

nonlocal premature deaths (denoted by light colors) to total global premature deaths caused by 380 

anthropogenic emissions in the individual groups. 
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Fig. S4. Historical changes in annual mean global population-weighted SOA concentrations 

caused by four groups. The solid lines represent the estimation in the main text (i.e., directly 385 

applying linear interpolation between two adjacent simulation years). The dot lines indicate the 

estimation based on chemical efficiencies (see Supplementary Material S2.2). 
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Fig. S5. Historical changes in annual anthropogenic PM2.5-related premature deaths. The y-390 

axis shows the historical yearly anthropogenic premature deaths (a) and cumulative premature 

deaths (b) caused by the four groups. The solid lines represent the estimation in the main text 

(i.e., applying the baseline mortality rates at 1990 to all prior years). The dot lines and dash lines 

are calculated with the baseline mortality rates before 1990 extrapolated based on the country-

specific trends over 1990–2000 and over 1990–2014, respectively.  395 
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Fig. S6. Historical annual anthropogenic emissions and population of four groups. The 

anthropogenic emissions are taken from CEDS[18], with emissions of China from 2000 to 2014 

replaced by MEIC[19-22]. Population data are taken from the WPP[34]. 

  400 
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Fig. S7. Spatial distributions of cumulative premature deaths from 1950 to 2014. The 

cumulative premature deaths caused by anthropogenic emissions in the high-income (a), upper 

middle (b), lower middle (c) and low-income (d) groups. The source region in each panel is 

indicated by grey area. 405 
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Fig. S8. Comparison between our annual mortality results and previous findings. The 

PM2.5-related premature deaths estimated based on the exposure-response models of IER[38] (a) 

and GEMM NCD+LRI[32] (b). The black shadow denotes 95% CI of this study. The pink and 410 

green lines represent the median estimates based on UKCA and GBD-PM in Butt et al.[36], and 

pink and green shadows denote the corresponding uncertainty ranges. Previous studies include 

Lin et al.[2], Du et al.[3], Lelieveld et al.[39], Zhang et al.[14], Shindell et al.[45], Stanaway et 

al.[44], Gakidou et al.[42], Forouzanfar et al[40]., Forouzanfar et al.[41], Lim et al.[43], Burnett 

et al.[32], and Chowdhury et al.[37].  415 
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Fig. S9. Historical changes in global age structure. Population data are taken from the 

WPP[34].  
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Fig. S10. Annual premature deaths attributable to anthropogenic emissions in high-income 420 

group. The premature deaths occurring in the high-income group (a) and in the other three 

groups (b). The solid line represents the premature deaths caused by the high-income group 

driven by their emission changes. The dotted line shows results of a sensitivity study for 1980–

2014, by fixing PM2.5 concentrations contributed by the high-income group at the 1980 levels. 

The shaded area represents the avoided deaths because of emission control in the high-income 425 

group.  
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Fig. S11. Historical changes in anthropogenic PM2.5-related premature mortality. The 

yearly (a) and cumulative (b) premature deaths caused by anthropogenic emissions in the four 

groups. The solid lines represent the results based on CEDS[18]+MEIC[19-22]. The dot and 430 

dash lines indicate the results based on EDGAR v5.0[67] and the PKU inventory[68-72], 

respectively. The shadow areas in (a) indicate the 95% CI of the CEDS+MEIC based estimate. 

The EDGAR and PKU based estimates adopt the natural PM2.5 from the CEDS+MEIC based 

estimate, followed by scaling of anthropogenic PM2.5 so that the total PM2.5 matches the satellite-

based data in 2014. In (b), the cumulative premature deaths are calculated with 1970 as the start 435 

year, different from Fig. 1a in the main text, because the EDGAR data are available since 1970. 

In (b), the cumulative mortality results based on the three emission inventories undergo similar 

patterns.  
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Fig. S12. Historical changes in annual mean global population-weighted PM2.5 440 

concentrations caused by anthropogenic emissions in four groups. Population-weighted 

PM2.5 concentrations in different lines are based on CEs obtained by different methods. Method 

1 applies the CEs of a simulation year to all following non-simulation years until the next 

simulation year. Method 2 applies the CEs of a simulation year to all prior non-simulation years 

until the previous simulation year. Method 3 applies the CEs of a simulation year to its closest 445 

non-simulation years. Linear interpolation, as used in the main text, linearly interpolates the CEs 

of two adjacent simulation years to all non-simulation years in between.  
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Fig. S13. Comparison between PM2.5 simulated by the reference PM2.5 simulated by GEOS-

Chem and the satellite-derived surface PM2.5 concentrations (μg/m³) in the year of 2014. 450 

The calculated of reference PM2.5 is shown in Eq. 1. Each data pair represent annual mean 

population-weighted PM2.5 concentrations at a model grid cell. For each grid cell of a region 

(e.g., China), we multiply the PM2.5 concentration in that grid cell by the population in that grid 

cell, then divide by the average population (over all grid cells in that region), to focus the model 

evaluation over densely populated areas. Statistical analysis results are also given in each panel.  455 
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Fig. S14. Similar to Fig. S13, but for the year of 2000. 
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