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S1. Evaluation of satellite-derived PM2.5 

Annual mean PM2.5 concentrations from the satellite-derived estimates span across two 

orders of magnitude and are consistent (R2=0.90 in 2017) with in situ observations worldwide 

(Fig. 1b). The consistency is stable across 2015-2019 (Fig. 1c) when available observational sites 

significantly expanded globally (Fig. 1a). Notably, these agreements also exhibit distinct regional 

variation (R2 of 0.4-0.9 and normalized root mean square difference NRMSD of 15-50%, Fig. 

1c) due to regional variability in the availability and reliability of information to constrain and 

evaluate the estimates1. The agreement further improves when evaluated over a wider area using 

number of sites as a proxy of averaged domain breath (Fig. 1d), providing a measure of 

confidence in the area-aggregated analysis examined here. All regions exhibit NRMSD of 5-10% 

when >100 sites are averaged except for the Middle East and Africa (NRMSD ~20%). These 

NRMSDs diminish more slowly as sample size exceeds 50, and therefore constrain the upper 

bounds of the uncertainties in the regional population-weighted (PW) PM2.5 estimates. 

S2. Reversal of PM2.5 exposure trends worldwide 

Regional changes in (PW) PM2.5 over North America, Europe, China and South Asia 

have been individually investigated1–8, with anthropogenic emission changes driven by socio-

economic developments and environmental policy attributed as the main driver. Since 2011, the 

reduction of growth rates of PW PM2.5 across South Asia is especially noteworthy. A recent 

observation-based study7 reported significant reductions of mean PM2.5 and PM2.5 exceedance 

days over five megacities of India during 2014-2019, and attributed these unprecedented trends 

to clean air measures mainly implemented in urban areas of India9. The satellite-derived 

estimates further identify a reduction in PW PM2.5 growth rates across the broader South Asian 

region. Several territories in East Asia (e.g., Japan and North Korea) and Southeast Asia (e.g., 



Vietnam, Thailand and Philippines) also exhibit pronounced reversal of PW PM2.5 trends, which 

relates to local pollution abatement actions10–13 as well as reductions or slowed growth of 

transboundary pollutants from China and India. Zhang et al.14 estimated that emissions from 

China are the strongest non-local source of PM2.5-attributable deaths in these five territories, e.g., 

40.5% in the rest of East Asia.  

Across other regions of the Global South (the Middle East, Africa and South America), 

mineral dust and biomass burning smoke are more dominant in PM2.5 exposure15,16 and may 

influence its trends17. Examples in our estimates include the steady increase of dust emission in 

the Middle East before 20113,18 (Fig. 2a) that weakened afterwards, and the recent decline of 

burned area and fire-driven PM2.5 in Central Africa19,20 (Fig. 2b). Open burning is also the 

dominant source of PM2.5 concentrations across the Amazon, which were reduced over 2001-

2012 by governmental actions to contain deforestation21. These actions were also counteracted 

by frequent occurrences of droughts21,22, causing overall insignificant trends in PW PM2.5 (Fig. 

2). Stronger measures may be needed to compensate for climate-induced variability and more 

effectively mitigate PM2.5 for these regions in the future. 

S3. Regional contributions to global changes in PM2.5 exposure in four seasons  

As most of the substantial changes in PW PM2.5 occur in the populous Northern 

Hemisphere (NH), global PW PM2.5 magnitude and most regional changes are strongest in the 

season of NH winter (DJF, Fig. S1), when multiple meteorological (e.g., inversions and shallow 

boundary layer23,24), chemical (e.g., heterogeneous haze formation25,26) and anthropogenic (e.g., 

residential heating15,27) factors collectively facilitate a seasonal tendency for elevated PM2.5. 

Nevertheless, the reversal of global PW PM2.5 trends and the driving roles of China and India 

persist across all four seasons (Fig. S1).



 
Figure S1. Absolute (upper row) and relative (middle row) contribution from 13 regions (color-coding consistent with the main text) 
to global population-weighted PM2.5 changes in northern hemispheric winter (DJF), spring (MAM), summer (JJA) and fall (SON). 
The lower row shows trends (error bars indicating 95% confidence intervals) derived from these normalized time series for each 
region over 1998-2011 and 2011-2019.



S4. Changes in PM2.5-attributable mortality due to non-PM2.5 factors 

After the decomposition (Methods), changes in baseline mortality rate (i.e., orange in Fig. 

5) following improvements in medical care and well-being induce continuous decreases while 

population growth and aging oppositely contribute to increases (Figs. 5 and S2b-d). Meanwhile, 

certain factors are more pronounced in different regions due to variations in local exposure level 

and demography. For example, population growth (i.e., dark blue in Fig. 5) occurred almost 

everywhere (except for Russia and Eastern Europe), contributing to increases in the PM2.5-

attributable deaths and ranking as the dominant driver in Sub-Saharan Africa (Figs. 4a and 5). 

Population aging (i.e., light blue in Fig. 5) is the strongest driver globally and in China, where 

mean population age increases substantially to the level similar to that in the US in 2019 (Fig. 

4b). In developed regions of the US and Europe, PM2.5 exposure becomes the dominant driver of 

net changes in annual burden especially since 2011 (Fig 5), as changes in the other three factors 

are slowed/saturated following socioeconomic developments (e.g., Figs. 4, S3, S4). These 

regionally varying contributions to changing PM2.5-attributable mortality are overall consistent 

with previous global-scale studies6,28. Our unique insights from the annual time series extend 

beyond the inflection in exposure to also include the evolution of contributions from the other 

three demographic factors relative to that of PM2.5 exposure (Fig. 5), which has stronger 

interannual variability especially over regions significantly affected by mineral dust and biomass 

burning smoke (e.g., the Middle East, Africa, Indonesia & Malaysia, Russia and Latin America). 



  
Figure S2. Absolute (left) and relative (right) regional contributions to changes in PM2.5-
attributable mortality as caused by changes in (separated by rows) PM2.5 exposure (a), population 
age structure (b), baseline mortality rate (c), and population (d). Changes (relative to 2011) due 
to each factor are combined with the PM2.5-attributable mortality in 2011 to produce the 
mortality time series for each region (color-coding consistent with the main text).



 
Figure S3. Changes in baseline (upper) and PM2.5-attributable (lower) mortality rates in each region and the absolute (left) and relative 
(right) contributions of the six diseases (color-coded). Deaths from ages <5 or ≥25 are considered. 



 
Figure S4. Changes in baseline mortality rates in each region and the absolute (left) and relative 
(right) contributions of the six diseases (color-coded) in separate age groups. 
 
S5. Changes in marginal health benefits of PM2.5 mitigation due to non-PM2.5 

factors 

Variation exists in the degree of changes in calculated marginal health benefits due to 

non-PM2.5 factors (Fig. 7b-d). Population aging has enhanced the health benefits of PW PM2.5 

reductions in most regions during the past two decades (Fig. 7b), and is also the strongest driver 

of the post-2011 net increases globally (Fig. 7, black). Pronounced increases of this sensitivity to 

average age (Fig. 7b) occurred in China with the strongest increase in average age, and in Europe 



with the highest average age (Fig. 4b). In contrast, sensitivity to population aging is substantially 

weaker in South Asia, the Middle East and Africa where the average age is >10 yrs lower than in 

Europe (Fig. 4b). This contrast reflects the orders-of-magnitude stronger baseline mortality rates 

in the elderly population (Fig. S4). Nonetheless, population aging is projected across the world 

(e.g., Figs. 4b and 7b)29,30, and is expected to strengthen the benefits and significance of PW 

PM2.5 mitigation even over these "younger" regions in the future. 

Changes in baseline mortality rates (Fig. 7c) and population (Fig. 7d) in general induced 

opposite effects on the health benefits, with exceptions in Eastern Europe and Russia where 

populations are declining (Fig. 4a). In developed regions of the US and Europe, the reductions 

driven by decreasing baseline mortality rates substantially slowed in recent years, implying the 

need for further PW PM2.5 reductions to reduce its attributable mortality in these regions (e.g., 

Figs. S3, S4). On the other hand, in Sub-Saharan Africa the strongest regional population growth 

induces the most substantial increase in the health benefits of PW PM2.5 reduction. 

S6. Sensitivity calculation using the MR-BRT CRFs 

The Meta Regression-Bayesian, Regularized, Trimmed (MR-BRT) CRFs were used in 

the GBD 2019 study to estimate PM2.5 health burden from both ambient and household PM2.5 

pollutions. Unlike the GEMM that is purely based on studies of outdoor PM2.5 health impacts, 

MR-BRT is synthesized from cohort and case-control studies of outdoor PM2.5, household 

pollution due to the use of solid fuel, and secondhand smoke31. Directly combining ambient 

PM2.5 exposure with the MR-BRT CRFs yields the health burden due to both ambient PM2.5 

pollution and co-exposure to household PM2.5. A way to isolate outdoor exposure in the MR-

BRT derived PM2.5-attributable mortality is to apply co-exposure adjustment factors that are 

territory- and year-dependent15. 



Fig. S5 (grey circles with error bars) presents the time series and 95% CIs of annual 

PM2.5-attributable deaths using our exposure estimates and the MR-BRT CRFs which are 

decomposed to the changes due to each driver similar to Fig. 5. The MR-BRT CRFs suggests 

similar level of health risk of PM2.5 at relatively low PM2.5 exposure (e.g. < 25 μg/m3) while 

substantially lower health risk at higher PW PM2.5 levels15,32. As a result, the derived deaths 

agree in magnitudes with those from the GEMM (Fig. 5) over the US, Europe and Russia, while 

are lower by ~25% over China and South Asia. We note that the relative risk (RR) values in MR-

BRT at PW PM2.5>35 μg/m3 are constrained by studies of household or secondhand smoke 

pollution31, while GEMM filled this gap of data by incorporating a cohort study of outdoor PM2.5 

impacts in China32.  

While the MR-BRT derived PM2.5-attributable deaths support the decomposition and 

analysis in Fig. S5, they still contain the above-mentioned co-exposure. We thus also include in 

Fig. S5 the annual deaths and 95% CIs after applying the co-exposure adjustment factors (grey 

dashed lines and shadings), and from the GBD 2019 study (gold dotted lines and shadings). The 

co-exposure factors are derived to scale the MR-BRT deaths calculated with the ambient PM2.5 

exposure in GBD 2019 to match the GBD reported deaths for each territory and year, so the 

small and insignificant differences between the dashed grey (from our study) and dotted gold 

(from GBD 2019) are due solely to differences in the exposure data used. The deaths due to 

ambient exposure only (dashed grey) overlap with those of total deaths (solid grey) over the US 

and Western Europe due to the negligible amount of solid fuels used in these regions, while are 

significantly lower in Asia and Africa. The gap is substantially narrowed over China in recent 

years, reflecting the progress of regulating household use of solid fuels33.  



 
Figure S5. Similar to Figure 5 but using the MR-BRT concentration-response functions. Grey 
dashed lines (with the light grey envelope indicating the 95% confidence interval) represent the 
annual time series of PM2.5-attributable mortality after applying the indoor and outdoor co-
exposure factors. Gold dotted lines (with the light gold envelope indicating the 95% confidence 
interval) represent the annual time series of PM2.5-attributable mortality from the GBD-2019 
study. 
 

Despite the above issues that inhibit the use of the MR-BRT model for our analysis, the 

overall conclusions in the GEMM results (Fig. 5), e.g., the cessation of growth in recent years 

and the dominant reductions from China, are consistently present in both the total deaths (solid 



grey) and the deaths due to outdoor exposure only (dashed grey) from the MR-BRT model. The 

inflection year (e.g., 2015) for global deaths is delayed, due mainly to the reduced deaths from 

China in the MR-BRT model which weaken China's contribution to the global trends. The 

decomposition results also consistently indicate competition between population growth (dark 

blue) and aging (light blue) vs. improved air quality (dark red) and health care (orange). We 

therefore conclude that the findings from this study are robust to these complications and to the 

health model used. 

S7. Sensitivity calculation using another decomposition approach 

Based on Southerland et al.6, it can be derived that (omitting the i,j,k subscripts for 

clarity) the logged ratio of DPM between two adjacent years is: 
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Approximately, we can attribute the yearly differences of DPM to population change as: 
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The attribution to the other three factors is similarly performed. 

We apply this method (i.e., the Southerland method) and the one used in the Main text 

(i.e., the Geng method), and find that these two methods yield nearly identical results for the 204 

territories and 21 yearly changes (Fig. S6). We note that quantitative comparison between the 

two approaches is conducted for the first time in this work that confirms their strong consistency. 

In this paper, we present the results using the Geng approach to avoid division by very small 

numbers (used in the Southerland method) that would cause occasional outliers (e.g., points 

located between 10-6/yr and 10-4/yr, corresponding to three small island territories) in Fig. S6.  



 
Figure S6. Comparison of attributed changes of annual PM2.5-attributable deaths (relative to 
2011) due to four factors, for 21 years and 204 territories, using the approach of (X-axis) 
Southerland et al.6 and of (Y-axis) Geng et al.8. Negative changes are sign-reversed to 
accommodate the log-scale. 
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