
HEI Research Report 210 McDuffie, Additional Materials (Available on the HEI Website)

ADDITIONAL MATERIALS AVAILABLE ON THE HEI WEBSITE 

Research Report 210 

Global Burden of Disease from Major Air Pollution Sources 

(GBD MAPS): A Global Approach 

Erin McDuffie et al. 

Additional Materials 1: McDuffie EE, Smith SJ, O’Rourke P, Tibrewal K, 
Venkataraman C, Marais EA, et al. 2020. A global anthropogenic emission 

inventory of atmospheric pollutants from sector- and fuel-specific sources (1970–
2017): An application of the Community Emissions Data System (CEDS). Earth 

Syst Sci Data 12:3413–3442; doi:10.5194/essd-12-3413-2020. 

Additional Materials 1 was not formatted or edited by HEI. It is distributed under the Creative Commons 
Attribution 4.0 License. This document was part of the HEI Special Review Panel’s review process. 

Correspondence concerning the Investigators’ Report may be addressed to Dr. Michael Brauer, The University 
of British Columbia, School of Population and Public Health, 366A – 2206 East Mall, Vancouver, BC V6T1Z3, 

Canada; e-mail: michael.brauer@ubc.camonica.guxens@isglobal.org.  

© 2021 Health Effects Institute, 75 Federal Street, Suite 1400, Boston, MA  02110 

mailto:michael.brauer@ubc.ca
mailto:monica.guxens@isglobal.org


Earth Syst. Sci. Data, 12, 3413–3442, 2020
https://doi.org/10.5194/essd-12-3413-2020
© Author(s) 2020. This work is distributed under
the Creative Commons Attribution 4.0 License.

A global anthropogenic emission inventory of
atmospheric pollutants from sector- and

fuel-specific sources (1970–2017):
an application of the Community
Emissions Data System (CEDS)

Erin E. McDuffie1,2, Steven J. Smith3, Patrick O’Rourke3, Kushal Tibrewal4, Chandra Venkataraman4,
Eloise A. Marais5,a, Bo Zheng6, Monica Crippa7, Michael Brauer8,9, and Randall V. Martin2,1

1Department of Physics and Atmospheric Science, Dalhousie University, Halifax, NS, Canada
2Department of Energy, Environmental, and Chemical Engineering, Washington University in St. Louis,

St. Louis, MO, USA
3Joint Global Change Research Institute, Pacific Northwest National Laboratory, College Park, MD, USA

4Department of Chemical Engineering, Indian Institute of Technology Bombay, Mumbai, Maharashtra, India
5School of Physics and Astronomy, University of Leicester, Leicester, UK

6Institute of Environment and Ecology, Tsinghua Shenzhen International Graduate School, Tsinghua
University, Shenzhen 518055, China

7European Commission, Joint Research Centre (JRC), Via E. Fermi 2749 (T.P. 123), 21027 Ispra, Varese, Italy
8School of Population and Public Health, University of British Columbia, Vancouver, BC, Canada

9Institute for Health Metrics and Evaluation, University of Washington, Seattle, WA, USA
anow at: Department of Geography, University College London, London, UK

Correspondence: Erin E. McDuffie (erin.mcduffie@wustl.edu)

Received: 27 April 2020 – Discussion started: 3 June 2020
Revised: 4 October 2020 – Accepted: 27 October 2020 – Published: 15 December 2020

Abstract. Global anthropogenic emission inventories remain vital for understanding the sources of atmospheric
pollution and the associated impacts on the environment, human health, and society. Rapid changes in today’s
society require that these inventories provide contemporary estimates of multiple atmospheric pollutants with
both source sector and fuel type information to understand and effectively mitigate future impacts. To fill this
need, we have updated the open-source Community Emissions Data System (CEDS) (Hoesly et al., 2019) to
develop a new global emission inventory, CEDSGBD-MAPS. This inventory includes emissions of seven key at-
mospheric pollutants (NOx ; CO; SO2; NH3; non-methane volatile organic compounds, NMVOCs; black carbon,
BC; organic carbon, OC) over the time period from 1970–2017 and reports annual country-total emissions as a
function of 11 anthropogenic sectors (agriculture; energy generation; industrial processes; on-road and non-road
transportation; separate residential, commercial, and other sectors (RCO); waste; solvent use; and international
shipping) and four fuel categories (total coal, solid biofuel, the sum of liquid-fuel and natural-gas combustion,
and remaining process-level emissions). The CEDSGBD-MAPS inventory additionally includes monthly global
gridded (0.5◦× 0.5◦) emission fluxes for each compound, sector, and fuel type to facilitate their use in earth
system models. CEDSGBD-MAPS utilizes updated activity data, updates to the core CEDS default scaling proce-
dure, and modifications to the final procedures for emissions gridding and aggregation. Relative to the previous
CEDS inventory (Hoesly et al., 2018), these updates extend the emission estimates from 2014 to 2017 and im-
prove the overall agreement between CEDS and two widely used global bottom-up emission inventories. The
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CEDSGBD-MAPS inventory provides the most contemporary global emission estimates to date for these key atmo-
spheric pollutants and is the first to provide global estimates for these species as a function of multiple fuel types
and source sectors. Dominant sources of global NOx and SO2 emissions in 2017 include the combustion of oil,
gas, and coal in the energy and industry sectors as well as on-road transportation and international shipping for
NOx . Dominant sources of global CO emissions in 2017 include on-road transportation and residential biofuel
combustion. Dominant global sources of carbonaceous aerosol in 2017 include residential biofuel combustion,
on-road transportation (BC only), and emissions from the waste sector. Global emissions of NOx , SO2, CO, BC,
and OC all peak in 2012 or earlier, with more recent emission reductions driven by large changes in emissions
from China, North America, and Europe. In contrast, global emissions of NH3 and NMVOCs continuously in-
crease between 1970 and 2017, with agriculture as a major source of global NH3 emissions and solvent use,
energy, residential, and the on-road transport sectors as major sources of global NMVOCs. Due to similar devel-
opment methods and underlying datasets, the CEDSGBD-MAPS emissions are expected to have consistent sources
of uncertainty as other bottom-up inventories. The CEDSGBD-MAPS source code is publicly available online
through GitHub: https://github.com/emcduffie/CEDS/tree/CEDS_GBD-MAPS (last access: 1 December 2020).
The CEDSGBD-MAPS emission inventory dataset (both annual country-total and monthly global gridded files) is
publicly available under https://doi.org/10.5281/zenodo.3754964 (McDuffie et al., 2020c).

1 Introduction

Human activities emit a complex mixture of chemical com-
pounds into the atmosphere, impacting air quality, the envi-
ronment, and population health. For instance, direct emis-
sions of nitric oxide (NO) rapidly oxidize to form nitro-
gen dioxide (NO2) and can lead to net ozone (O3) produc-
tion in the presence of sunlight and oxidized volatile or-
ganic compounds (VOCs) (e.g., Chameides, 1978; Crutzen,
1970). In addition, direct emissions of particles containing
organic carbon (OC) and black carbon (BC) as well as sec-
ondary reactions involving gaseous sulfur dioxide (SO2),
NO, ammonia (NH3), and VOCs can lead to atmospheric
fine particulate matter less than 2.5 µm in diameter (PM2.5)
(e.g., Mozurkewich, 1993; Jimenez et al., 2009; Saxena and
Seigneur, 1987; Brock et al., 2002). PM2.5 concentrations
were estimated to account for nearly 3 million deaths world-
wide in 2017 (GBD 2017 Risk Factor Collaborators, 2018),
while surface O3 concentrations were associated with nearly
500 000 deaths in 2017 (GBD 2017 Risk Factor Collabo-
rators, 2018) and significant global crop losses, valued at
USD 11 billion in 2000 (USD2000) (Avnery et al., 2011;
Ainsworth, 2017). In addition, atmospheric O3 and aerosol
both impact earth’s radiative budget (e.g., Bond et al., 2013;
Haywood and Boucher, 2000; US EPA, 2018). Other pollu-
tants, including carbon monoxide (CO), NO2, and SO2, are
also directly hazardous to human health (US EPA, 2018),
while NO2 and SO2 can additionally contribute to acid rain
(Saxena and Seigneur, 1987; US EPA, 2018) and indirectly
impact human health via their contributions to secondary
PM2.5 formation. In addition, NH3 deposition and nitrifi-
cation can also cause nutrient imbalances and eutrophica-
tion in terrestrial and marine ecosystems (e.g., Behera et al.,
2013; Stevens et al., 2004). While these reactive gases and
aerosol have both anthropogenic and natural sources, domi-

nant global sources of NOx (= NO + NO2), SO2, CO, and
VOCs include fuel transformation and use in the energy sec-
tor, industrial activities, and on-road and off-road transporta-
tion (Hoesly et al., 2018). Global NH3 emissions are pre-
dominantly from agricultural activities such as animal hus-
bandry and fertilizer application (e.g., Behera et al., 2013),
and OC and BC have large contributions from incomplete
or uncontrolled combustion in residential and commercial
settings (e.g., Bond et al., 2013). Emissions of these com-
pounds and the distribution of their chemical products vary
spatially and temporally, with atmospheric lifetimes that al-
low for their transport across political boundaries, continu-
ously driving changes in the composition of the global atmo-
sphere.

Global emission inventories of these major atmospheric
pollutants, with both sectoral and fuel type information, are
paramount (1) for understanding the range of emission im-
pacts on the environment and human health and (2) for de-
veloping effective strategies for pollution mitigation. For ex-
ample, spatially gridded emission inventories are used as
inputs in general circulation climate (GCM) and chemical
transport models (CTM), which are used to predict the evo-
lution of atmospheric constituents over space and time. By
perturbing emission sources or historical emission trends,
such models can quantify the impact of emissions on the en-
vironment, economy, and human health (e.g., Mauzerall et
al., 2005; Lelieveld et al., 2019; IPCC, 2013; Liang et al.,
2018; Lacey and Henze, 2015); provide mitigation-relevant
information for polluted regions (e.g., GBD MAPS Working
Group, 2016, 2018; RAQC, 2019; Lacey et al., 2017); and
anchor future projections (e.g., Shindell and Smith, 2019;
Venkataraman et al., 2018; Gidden et al., 2019; Mickley et
al., 2004).

Three global emission inventories have been widely used
for these purposes, including the Emissions Database for
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Global Atmospheric Research (EDGAR) from the Euro-
pean Commission Joint Research Centre (Crippa et al.,
2018), the ECLIPSE (Evaluating the Climate and Air Qual-
ity Impacts of Short-Lived Pollutants) inventory from the
Greenhouse Gas–Air Pollution Interactions and Synergies
(GAINS) model at the International Institute for Applied
Systems Analysis (IIASA) (Amann et al., 2011; Klimont
et al., 2017), and the CEDS (v2016-07-26) inventory from
the newly developed Community Emissions Data System
(CEDS) from the Joint Global Change Research Institute
at the Pacific Northwest National Laboratory and Univer-
sity of Maryland (Hoesly et al., 2018). All three invento-
ries are derived using a bottom-up approach where emissions
are estimated using reported activity data (e.g., amount of
fuel consumed) and source- and region-specific (where avail-
able) emission factors (mass of emitted pollutant per mass of
fuel consumed) for each emitted compound. All three inven-
tories are similar in that they use this bottom-up approach
to provide historical, source-specific gridded emission esti-
mates of major atmospheric pollutants (NOx (as NO2); SO2;
CO; non-methane volatile organic compounds, NMVOCs;
NH3; BC; and OC). Table 1 provides a comparison of the
key features between these inventories, which provide emis-
sions from multiple source sectors over the collective time
period from 1750–2014. In contrast to EDGAR and GAINS,
the CEDS system implements an increasingly utilized mo-
saic approach, which, in this case, incorporates activity and
emission input data from other sources such as EDGAR,
GAINS, and regional- and national-level inventories to pro-
duce global emissions that are both historically consis-
tent and reflective of contemporary country-level estimates
(Hoesly et al., 2018). The CEDS source code has been pub-
licly released (https://github.com/JGCRI/CEDS/tree/master,
last access: 1 December 2020), increasing both the repro-
ducibility and public accessibility to quality emission esti-
mates of global- and national-level air pollutants.

Due to the long development times of global bottom-
up inventories, current versions of the EDGAR, ECLIPSE,
and CEDS inventories are limited in their ability to capture
emission trends over recent years (Table 1), particularly the
last 6–10 years in regions undergoing rapid change such as
China, North America, Europe, India, and Africa. For ex-
ample, China implemented the Action Plan on the Preven-
tion and Control of Air Pollution in 2013, which has tar-
geted specific emission sectors, fuels, and species and re-
sulted in reductions in ambient PM2.5 concentrations by up
to 40 % in metropolitan regions between 2013 and 2017 (re-
viewed in Zheng et al., 2018). Similarly, over the past 10–
20 years in the US and Europe, the reduction in coal-fired
power plant emissions and phase-in of stricter vehicle emis-
sion standards have resulted in emission reductions in SO2
and NOx across these regions (Krotkov et al., 2016; Dun-
can et al., 2013; Castellanos and Boersma, 2012; de Gouw et
al., 2014). Over this same time period, however, oil and gas
production in key regions in the US has more than tripled be-

tween 2007 and 2017 (EIA, 2020). In addition, the absence
of widespread regulations targeting NH3 from agricultural
practices has led to continuous increases in global NH3 emis-
sions (Behera et al., 2013). Global energy consumption also
increased by an average of 1.5 % each year between 2008
and 2018 (BP, 2019), and the global consumption of coal in-
creased for the first time in 2017 since its peak in 2013 (BP,
2019). Many of these energy changes have been attributed to
the growth of energy generation in rapidly growing regions,
such as India (BP, 2019). Africa is also experiencing rapid
growth, with increasing emissions from diffuse and ineffi-
cient combustion sources, which may not be accurately ac-
counted for in current global inventories (Marais and Wied-
inmyer, 2016). Therefore, to capture recent trends around the
globe as well as quantify the resulting economic, health, and
environmental impacts and mitigate future burdens, compu-
tational models require emission inventories with regionally
accurate estimates, global coverage, and the most up-to-date
information possible. Though global bottom-up inventories
can lag in time due to data collection and reporting require-
ments, the incorporation of smaller regional inventories pro-
vides the opportunity to improve the timeliness and regional
accuracy of global estimates.

To further increase the policy relevance of such data, it is
also important that global emission inventories not only pro-
vide contemporary estimates but report emissions as a func-
tion of detailed source sector and fuel type. For example, the
recent air quality policies in China have included emission
reductions targeting coal-fired power plants within the larger
energy generation sector (e.g., Zheng et al., 2018). Deci-
sions to implement such policies require accurate predictions
of the air quality benefits, which in turn depend on simula-
tions that use accurate estimates of contemporary sector- and
fuel-specific emissions. While the EDGAR, ECLIPSE, and
CEDS inventories all provide varying degrees of sectoral in-
formation (Table 1), there are no global inventories to date
that provide public datasets of multiple atmospheric pollu-
tants with both detailed source sector and fuel type informa-
tion. Crippa et al. (2019) do describe estimates of biofuel use
from the residential sector in Europe using emissions from
the EDGAR v4.3.2 inventory (EC-JRC, 2018) but do not re-
port global estimates or regional emissions from other fuel
types. Similarly, Hoesly et al. (2018) describe fuel-specific
activity data and emission factors used to develop the global
CEDS v2016-07-26 inventory but do not publicly report final
global emissions as a function of fuel type. In contrast, a lim-
ited number of regional inventories have provided both fuel-
and sector-specific emissions. These inventories, for exam-
ple, have been applied to earth system models to attribute the
mortality associated with outdoor air pollution to dominant
sources of ambient PM2.5 mass, such as residential biofuel
combustion in India and coal combustion in China (GBD
MAPS Working Group, 2018, 2016). As countries undergo
rapid changes that impact fluxes of their emitted pollutants,
including population, emission capture technologies, and the
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Table 1. Comparison of three historical, gridded, source-specific emission inventories of atmospheric pollutants (NOx , SO2, CO, NMVOCs,
NH3, BC, OC).

Inventory name Temporal Number of reported Detailed Spatial Reference
(version) coverage gridded sectors fuels resolution

CEDS (v2016_07_26) 1750–2014 9 Total only 0.5◦× 0.5◦ Hoesly et al. (2018)
EDGAR (v4.3.2) 1970–2012 26 Biofuel (Europe only)b 0.1◦× 0.1◦ Crippa et al. (2018)
ECLIPSE (v5a) 1990, 1995, 2000, 2005, 2010

(projections to 2050)a
8 Total only 0.5◦× 0.5◦ Klimont et al. (2017), Amann et

al. (2011)

a Projections assume current air pollution legislation (CLE) in the GAINS model. b Described in Crippa et al. (2019).

mix of fuels used, fuel- and source-specific estimates are vital
for capturing these contemporary changes and understanding
the air quality impacts across multiple scales.

As part of the Global Burden of Disease – Major Air Pol-
lution Sources (GBD-MAPS) project, which aims to quantify
the disease burden associated with dominant country-specific
sources of ambient PM2.5 mass (https://sites.wustl.edu/acag/
datasets/gbd-maps/, last access: 1 December 2020), we have
updated and utilized the CEDS open-source emissions sys-
tem to produce a new global anthropogenic emission inven-
tory (CEDSGBD-MAPS). CEDSGBD-MAPS includes country-
level and global gridded (0.5◦× 0.5◦) emissions of seven
major atmospheric pollutants (NOx (as NO2), CO, NH3,
SO2, NMVOCs, BC, OC) as a function of 11 detailed emis-
sion source sectors (agriculture, energy generation, indus-
try, on-road transportation, non-road and off-road transporta-
tion, residential energy combustion, commercial combustion,
other combustion, solvent use, waste, and international ship-
ping) and four fuel groups (emissions from the combustion of
total coal, solid biofuel, liquid fuels and natural gas, plus all
remaining process-level emissions) for the time period be-
tween 1970–2017. Similar to the prior CEDS inventory re-
leased for CMIP6 (Hoesly et al., 2018), CEDSGBD-MAPS pro-
vides surface-level emissions from all sectors, including fer-
tilized soils, but does not include emissions from open burn-
ing. In the first two sections we provide an overview of the
CEDSGBD-MAPS system and describe the updates that have
allowed for the extension to the year 2017 and the added
fuel type information. These include updates to the under-
lying activity data and input emission inventories used for
default estimates and scaling procedures (including the use
of two new inventories from Africa and India), the addi-
tional scaling of default BC and OC emissions, the use of
updated spatial gridding proxies, and adjustments to the final
gridding and aggregation steps that retain detailed sub-sector
and fuel type information. The third section presents global
CEDSGBD-MAPS emissions in 2017 and discusses historical
trends as a function of compound, sector, fuel type, and world
region. The final section provides a comparison of the global
CEDSGBD-MAPS emissions with other global inventories as
well as a discussion of the magnitude and sources of uncer-
tainty associated with the CEDSGBD-MAPS products.

2 Methods

The 23 December 2019 full release of the Community Emis-
sions Data System (Hoesly et al., 2019) provides the core
system framework for the development of the contemporary
CEDSGBD-MAPS inventory. The CEDSGBD-MAPS inventory is
developed for the GBD-MAPS project and is not an updated
release of the core CEDS emissions inventory. As detailed in
Hoesly et al. (2018), the original version of the CEDS system
was used to produce the first CEDS v2016-07-26 inventory
(hereafter called CEDSHoesly) (CEDS, 2017a, b), which pro-
vides global gridded (0.5◦× 0.5◦) emissions of atmospheric
reactive gases (NOx (as NO2), SO2, NH3, NMVOCs, CO),
carbonaceous aerosol (BC, OC), and greenhouse gases (CO2,
CH4) from eight anthropogenic sectors (agriculture – AGR;
transportation – TRA; energy – ENE; industry – IND; res-
idential, commercial, other – RCO; solvents – SLV; waste
– WST; international shipping – SHP) over the time pe-
riod from 1750–2014. Here we provide a brief overview of
the Community Emissions Data System with detailed de-
scriptions of the major updates that have been implemented
to produce the new CEDSGBD-MAPS inventory. This inven-
tory has been extended to provide emissions from 1970–
2017 for reactive gases and carbonaceous aerosol (NOx ,
SO2, NMVOCs, NH3, CO, BC, OC) with increased fuel
and sectoral information relative to the CEDSHoesly inven-
tory (Sect. 2.2–2.3). Updates primarily include the use of
updated input datasets (Sect. 2.1), new and updated global
and regional scaling inventories (Sect. 2.2), added scaling of
default BC and OC emissions (Sect. 2.3), and the disaggre-
gation of emissions into contributions from additional source
sectors and multiple fuel types (Sect. 2.4).

2.1 Overview of CEDSGBD-MAPS system

The CEDS system has five key procedural steps, illustrated
in Fig. 1. After the collection of input data in Step 0, Step
1 calculates default global emission estimates (Em) for each
chemical compound using a bottom-up approach shown in
Eq. (1). In Eq. (1), emissions are calculated using relevant
activity (A) and emission factor (EF) data for each country
(c) and year (y) as a function of 52 detailed working sectors
(s) (sub-sectors used for intermediate steps in the CEDS sys-
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tem) and nine working fuel types (f) (Table 2). CEDS con-
ducts these calculations for two types of emission categories:
(1) fuel combustion sources (e.g., electricity production, in-
dustrial machinery, on-road transportation, etc.) and (2) pro-
cess sources (e.g., metal production, chemical industry, ma-
nure management, etc.). We note that the distinction between
these source categories is reflective of both sector definition
and CEDS methodology, as described further in Sect. S2.1 in
the Supplement. This results in some working sectors that in-
clude emissions from combustion, such as waste incineration
and fugitive petroleum and gas emissions, to be characterized
in the CEDS system as process-level sources (further details
in Sect. S2.1). In contrast to CEDS combustion source emis-
sions, which are calculated in Eq. (1) as a function of eight
fuel types, emissions from CEDS process-level sources are
combined into a single “process” category, as described in
Sect. 2.4. Table 2 provides a complete list of CEDSGBD-MAPS
working sectors and fuel types as well as source category dis-
tinctions.

Emcountry, sector, fuel, year
species = Ac,s,f,y

×EFc,s,f,y
species (1)

For emissions from CEDS combustion sources, annual activ-
ity drivers in Eq. (1) primarily include country-, fuel-, and
sector-specific energy consumption data from the Interna-
tional Energy Agency (IEA, 2019). Sector- and compound-
specific emission factors are typically derived from energy
use and total emissions reported from other inventories,
including from the GAINS model (Klimont et al., 2017;
IIASA, 2014; Amann et al., 2015), Speciated Pollutant Emis-
sion Wizard (SPEW) (Bond et al., 2007), and the US Na-
tional Emissions Inventory (NEI) (NEI, 2013). For interna-
tional shipping, IEA activity data are supplemented with con-
sumption data and EFs from the International Maritime Or-
ganization (IMO), as described in Hoesly et al. (2018) and
its supplement. In contrast, default emissions (Em) for CEDS
process sources are directly taken from other inventories, in-
cluding from the EDGAR v4.3.2 global emission inventory
(EC-JRC, 2018; Crippa et al., 2018). “Implied emission fac-
tors” are then calculated for these process sources in Eq. (1)
using global population data (UN, 2019, 2018) or pulp and
paper consumption (FAOSTAT, 2015) as the primary activity
drivers. For years without available emissions, default esti-
mates for CEDS process sources are calculated in Eq. (1)
from a linear interpolation of the “implied emission fac-
tors” and available activity data (A) for that year. Supplement
Sects. S2.1 and S2.2 provide additional details regarding the
input datasets for activity drivers and emission factors used
for both CEDS combustion and process source categories.

While CEDS Step 1 is designed to provide a complete
set of historical emission estimates, CEDS Step 2 scales
these total default emission estimates to existing, authorita-
tive global-, regional-, and national-level inventories. As de-
scribed in Hoesly et al. (2018), CEDS uses a “mosaic” scal-
ing approach to retain detailed fuel- and sector-specific infor-
mation across different inventories while maintaining con-

sistent methodology over space and time. The development
and use of mosaic inventories has been recently increasing
as they provide a means to utilize detailed local emissions
while harmonizing this information across large regional or
global scales (C. Li et al., 2017; Janssens-Maenhout et al.,
2015). The CEDS approach, however, differs from previous
mosaic inventories (e.g., Janssens-Maenhout et al., 2015),
in that local and regional inventories in CEDSGBD-MAPS are
used to scale sectoral emissions at the national level rather
than merge together spatially distributed gridded estimates.

The first step in the scaling procedure is to derive a
time series of scaling factors (SFs) for each scaling inven-
tory using Eq. (2), calculated as a function of chemical
compound, country, sector, and fuel type (where available).
Due to persistent differences and uncertainties in the un-
derlying activity data and sectoral definitions in each scal-
ing inventory, CEDS emissions are scaled to total emis-
sions within aggregate scaling sectors (and fuels, where ap-
plicable). These aggregate scaling groups are defined for
each scaling inventory and are chosen to be broad in or-
der to improve the overlap between CEDS emission es-
timates and those reported in other inventories. For ex-
ample, the sum of CEDS emissions from working sec-
tors 1A4a_Commercial-institutional, 1A4b_Residential, and
1A4c_agriculture-forestry-fishing are scaled to the aggregate
1A4_energy-for-buildings sector in the EDGAR v4.3.2 in-
ventory. Sections 2.2 and S2.3 provide further details about
this scaling procedure and the scaling inventories used to de-
velop the 1970–2017 CEDSGBD-MAPS inventory.

SFc,s,f,y
species =

scaling inventory Emc,s,f,y
species

default CEDS Emc,s,f,y
species

(2)

After SFs are calculated in Eq. (2), the second step in the
scaling procedure is to extend these SFs forward and back-
ward in time to fill years with missing data. For these time pe-
riods, the nearest available SF is applied. If a particular sec-
tor or compound is not present in a scaling inventory, default
CEDS estimates are not scaled. For BC and OC emissions,
the default procedure in the CEDS v2019-12-23 system was
to retain all default BC and OC emission estimates due to
limited availability of historical BC and OC emissions. In the
CEDSGBD-MAPS inventory, these species are now scaled to
available regional- and national-level inventories (further de-
tails in Sect. 2.2). For all other species, the CEDSGBD-MAPS
system uses a sequential scaling methodology where total
default emissions for each country are first scaled to avail-
able global inventories (primarily EDGAR v4.3.2) and then
scaled to regional- and national-level inventories, many of
which have been updated in this work (Sect. 2.2 and Table 3).
This process results in final CEDSGBD-MAPS emissions that
reflect the inventory last used to scale the emissions for that
country (Fig. 2). Figure S2 in the Supplement provides a time
series of implied emission factors after the scaling procedure
for select sector and fuel combinations that dominate emis-
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Table 2. CEDS sector and fuel type definitions. Aggregate sectors and fuel types in the CEDSHoesly (bold) and CEDSGBD−MAPS (bold
and italic) inventories as well as the system’s intermediate gridding sectors (italic) and detailed working sectors and fuel types (consistent
between CEDSHoesly and CEDSGBD-MAPS inventories). CEDS working sectors are methodologically treated as two different categories:
combustion sectors (c) and “process” sectors (p). As described in the text, combustion sector emissions are calculated as a function of CEDS
working fuels, while process emissions are assigned to the single “process” fuel type.

CEDS emission sectors

Energy production (ENE) Residential, commercial, other (RCO)
Energy production (ENE) Residential (RCOR)

Electricity and heat production Res., Comm., Other – Residential
1A1a_Electricity-public (c) 1A4b_Residential (c)
1A1a_Electricity-autoproducer (c) Commercial (RCOC)
1A1a_Heat-production (c) Res., Comm., Other – Commercial

Fuel Production and Transformation 1A4a_Commercial-institutional (c)
1A1bc_Other-transformation (p) Other (RCOO)
1B1_Fugitive-solid-fuels (p) Res., Comm., Other – Other

Oil and Gas Fugitive/Flaring 1A4c_Agriculture-forestry-fishing (c)
1B2_Fugitive-petr-and-gas (p) Solvents (SLV)

Fuel Production and Transformation Solvents (SLV)
1B2d_Fugitive-other-energy (p) Solvents production and application

Fossil Fuel Fires 2D_Degreasing-Cleaning (p)
7A_Fossil-fuel-fires (p) 2D3_Other-product-use (p)

Industry (IND) 2D_Paint-application (p)
Industry (IND) 2D3_ Chemical-products-manufacture-processing (p)

Industrial combustion Agriculture (AGR)
1A2a_Ind-Comb-Iron-steel (c) Agriculture (AGR)
1A2b_Ind-Comb-Non-ferrous-metals (c) Agriculture
1A2c_Ind-Comb-Chemicals (c) 3B_Manure-management (p)
1A2d_Ind-Comb-Pulp-paper (c) 3D_Soil-emissions (p)
1A2e_Ind-Comb-Food-tobacco (c) 3I_Agriculture-other (p)
1A2f_Ind-Comb-Non-metallic-minerals (c) 3D_Rice-Cultivation (p)
1A2g_Ind-Comb-Construction (c) 3E_Enteric-fermentation (p)
1A2g_Ind-Comb-transpequip (c) Waste (WST)
1A2g_Ind-Comb-machinery (c) Waste (WST)
1A2g_Ind-Comb-mining-quarrying (c) Waste
1A2g_Ind-Comb-wood-products (c) 5A_Solid-waste-disposal (p)
1A2g_Ind-Comb-textile-leather (c) 5E_Other-waste-handling (p)
1A2g_Ind-Comb-other (c) 5C_Waste-incineration (p)
1A5_Other-unspecified (c) 5D_Wastewater-handling (p)

Industrial process and product use Shipping (SHP)
2A1_Cement-production (p) Shipping (SHP)
2A2_Lime-production (p) International shipping
2A6_Other-minerals (p) 1A3di_International-shipping (c)
2B_Chemical-industry (p) Tanker Loading
2C_Metal-production (p) 1A3di_Oil_Tanker_Loading (p)
2H_Pulp-and-paper-food-beverage-wood (p)
2L_Other-process-emissions (p)
6A_Other-in-total (p)

Transportation (TRA) Transportation Cont. (TRA)
Road transportation (ROAD) Non-road transportation (NRTR)

Road transportation Non-road Transportation
1A3b_Road (c) 1A3c_Rail (c)

1A3dii_Domestic-navigation (c)
1A3eii_Other-transp (c)

CEDS fuels

Total
Coal Liquid fuel and natural gas

Brown coal Heavy oil
Coal coke Diesel oil
Hard coal Light oil

Biofuel Natural Gas
Biofuel Process

Process
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Figure 1. Default CEDS system summary, adapted from Fig. 1 in Hoesly et al. (2018). Key steps include (0) collecting activity driver (A) and
emission factor (EF) input data for non-combustion and combustion emission sources; (1) calculating default emissions (Em) as a function
of chemical species, country, emission sector, fuel type, and year; (2) calculating scaling factors (SFs) for overlapping years with existing
inventories in order to scale default estimates (sEm) and extending SFs for non-overlapping years between 1970–2017 (for earlier emissions,
see Hoesly et al., 2018); (4) aggregating scaled emissions to intermediate sectors and fuel types; and (5) using source- and compound-specific
spatial proxies to calculate final gridded emissions and aggregate them to the final sectors and fuels. A list of intermediate and final sectors
and fuels are in Table 2.

Figure 2. Final scaling inventories used for CEDSGBD-MAPS NOx

emissions; inventory details in Table 3.

sions of each compound in the top 15 emitting countries. Sec-
tions 2.2 and S2.3 describe further details and updates to this
scaling procedure.

CEDS Step 3 extends the scaled emission estimates from
1970 back in time to 1750. This process is necessary as re-
ported emission estimates and energy data are not typically
reported with the same level of sectoral and fuel type detail

prior to 1970. Hoesly et al. (2018) provide a detailed descrip-
tion of this historical extension procedure, which is used to
derive pre-1970 emissions in the CEDSHoesly inventory. The
new CEDSGBD-MAPS inventory only reports more contempo-
rary emissions after 1970 and therefore does not utilize this
historical extension.

CEDS Step 4 aggregates the scaled country-level
CEDSGBD-MAPS emissions into 17 intermediate gridding sec-
tors (defined in Table 2). In the CEDS v2019-12-23 system,
Step 4 additionally aggregated sectoral emissions from all
fuel types. In contrast, the CEDSGBD-MAPS system retains
sectoral emissions from the combustion of total coal (hard
coal+ coal coke+ brown coal), solid biofuel, the sum of liq-
uid oil (light oil+ heavy oil+ diesel oil) and natural gas, and
all CEDS process-level emissions (Table 2). Sections 2.4 and
4.2.4 describe the CEDSGBD-MAPS fuel-specific emissions in
further detail.

Lastly, CEDS Step 5 uses normalized spatial-distribution
proxies to allocate annual country-level emission estimates
onto a 0.5◦× 0.5◦ global grid. Annual emissions from the
17 intermediate gridding sectors and four fuel groups are
first distributed spatially using compound-, sector-, and
year-specific spatial proxies, primarily from the gridded
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Table 3. Scaling inventories.

Inventory name Scaled inventory years Scaled species Reference

EDGAR v4.3.2 1992–2012 CO, NH3, NMVOCs, NOx (EC-JRC, 2018)
EMEP NFR14 1990–2017 CO, NH3, NMVOCs, NOx , SO2, BC EMEP (2019)
UNFCCC 1990–2017 CO, NMVOCs, NOx , SO2 UNFCCC (2019)
REAS 2.1a 2000–2008 CO, NH3, NMVOCs, NOx , SO2, BC Kurokawa et al. (2013)
APEI (Canada) 1990–2017 CO, NH3, NMVOCs, NOx , SO2 ECCC (2019)
US EPA 1970, 1975, 1980, 1985, 1990–2017 CO, NH3, NMVOCs, NOx , SO2 US EPA (2019)
MEIC (China) 2008, 2010–2017 CO, NH3, NMVOCs, NOx , SO2, BC, OC Zheng et al. (2018), C. Li et al. (2017)
Argentinaa 1990–1999, 2011–2009, 2011 CO, NMVOCs, NOx , SO2 Argentina UNFCCC Submission (2016)
Japana 1960–2010 CO, NH3, NMVOCs, NOx , SO2, BC, OC preliminary update from Kurokawa et al. (2013)
NEIR (South Korea)a 1999–2012 CO, NMVOCs, NOx , SO2 South Korea National Institute of Environmental

Research (2016)
Taiwana 2003, 2006, 2010 CO, NMVOCs, NOx , SO2 TEPA (2016)
NPI (Australia) 2000–2017 CO, NMVOCs, NOx , SO2 ADE (2019)
DICE-Africab 2006, 2013 CO, NMVOCs, NOx , SO2, BC, OC Marais and Wiedinmyer (2016)
SMoG-Indiab 2015 CO, NMVOCs, NOx , SO2, BC, OC Venkataraman et al. (2018)

a Not updated from CEDS v2019-12-23; details in Hoesly et al. (2018). b Emissions scaled as a function of sector and fuel type.

EDGAR v4.3.2 inventory. Supplement Table S7 provides
a complete list of sector-specific gridding proxies. Details
about the general CEDS gridding procedure are provided
in Feng et al. (2020), with additional details specific to the
CEDSGBD-MAPS system in Sect. S2.5. Second, gridded emis-
sion fluxes (units: kg m−2 s−1) are aggregated into 11 fi-
nal sectors (Table 2) and distributed over 12 months us-
ing sectoral and spatially explicit monthly fractions from
the ECLIPSE project (IIASA, 2015) and EDGAR inven-
tory (international shipping only). Relative to CEDS v2019-
12-23, the new CEDSGBD-MAPS inventory retains detailed
sub-sector emissions from the aggregate RCO (now RCO-
residential, RCO-commercial, and RCO-other) and TRA
(now on-road and non-road) sectors; separate sectoral emis-
sions from process sources; and combustion sources that uti-
lize coal, solid biofuel, and the sum of liquid fuels and natural
gas. Table 2 contains a complete breakdown of the definitions
of CEDS working, intermediate gridding, and final sectors.
Gridded total NMVOCs are additionally disaggregated into
25 VOC classes following sector- and country-specific VOC
speciation maps from the RETRO project (HTAP2, 2013),
which are different from those used in the recent EDGAR
v4.3.2 inventory (Huang et al., 2017). Similar to the gridding
procedure, the same VOC speciation and monthly distribu-
tions are applied to sectoral emissions associated with each
fuel category.

Final products from the CEDSGBD-MAPS system include
total annual emissions from 1970–2017 for each country as
well as monthly global gridded (0.5◦× 0.5◦) emission fluxes,
both as a function of 11 final source sectors and four fuel cat-
egories (total coal, solid biofuel, liquid fuel + natural gas,
and remaining process sources). Section 5 provides addi-
tional details on the dataset availability and file formats.

2.2 Default emission-scaling procedure –
CEDSGBD-MAPS update details

As described above, default emission estimates for each
compound are scaled in CEDS Step 2 to existing author-
itative inventories as a function of emission sector and
fuel type (where available). In the scaling procedure, an-
nual emissions and EFs for each country are first scaled to
available global inventories, then to available regional- and
national-level inventories, assuming that the latter use local
knowledge to derive more accurate regional estimates. Fi-
nal CEDSGBD-MAPS emission totals for each country there-
fore reflect the inventory last used to scale each compound
and sector. Many of these inventories are updated annually
and, where available, have been updated in this work rel-
ative to the CEDS v2019-12-23 system (Table 3). For ex-
ample, global CEDSGBD-MAPS combustion source emissions
of NOx , total NMVOCs, CO, and NH3 are first scaled to
EDGAR v4.3.2 country-level emissions as a means to incor-
porate additional country-specific information relative to de-
fault estimates derived using more regionally aggregate EFs
from GAINS. CEDSGBD-MAPS emissions from European
countries are then scaled to available EMEP (European Mon-
itoring and Evaluation Programme) (EMEP, 2019) and UN-
FCCC (United Nations Framework Convention on Climate
Change) (UNFCCC, 2019) inventories that extend to 2017,
while CO, NMVOCs, NOx and SO2 emissions from the US,
Canada, and Australia are scaled to emissions that extend
to 2017 from the US NEI (US EPA, 2019), Canadian APEI
(Air Pollutant Emissions Inventory) (ECCC, 2019), and Aus-
tralian NPI (National Pollutant Inventory) (ADE, 2019), re-
spectively. In addition, emissions of all seven compounds
from China are scaled to emissions for 2008, 2010, and 2012
from C. Li et al. (2017), followed by subsequent scaling to
emissions between 2010 and 2017 from Zheng et al. (2018).
Relative to the CEDS v2019-12-23 system, regional invento-
ries have also been added to scale CEDSGBD-MAPS emissions
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from India and Africa as described below. Updates to ad-
ditional regional scaling inventories, including South Korea,
Japan, and other European and Asian countries, are not avail-
able relative to those used in the CEDS v2019-12-23 system.
Table 3 provides a complete list of the inventories used to
scale CEDSGBD-MAPS default emissions, with additional de-
tails in Sect. S2.3.

Relative to the CEDS v2019-12-23 system, the
CEDSGBD-MAPS system adds scaling inventories for
two rapidly changing regions, Africa and India. First,
CEDSGBD-MAPS emissions from Africa for select sectors
are now scaled to the Diffuse and Inefficient Combustion
Emissions in Africa (DICE-Africa) inventory from Marais
and Wiedinmyer (2016). This inventory provides gridded
(0.1◦× 0.1◦) emissions for NOx (= NO + NO2), SO2, 25
speciated VOCs, NH3, CO, BC, and OC for 2006 and 2013
for select anthropogenic sectors and fuels. In this work,
default CEDS emissions are scaled to total DICE-Africa
emissions from each country and later re-gridded in CEDS
Step 5 using source-specific spatial proxies described in
Sect. 2.1. Following the CEDS v2019-12-23 scaling pro-
cedure (Supplement Sect. S2.3), a set of aggregate scaling
sectors and fuels are defined to ensure that CEDSGBD-MAPS
emissions are scaled to emissions from consistent sectors
and fuel types within the DICE-Africa inventory (Table S3).
Briefly, CEDSGBD-MAPS 1A3b_Road and 1A4b_Residential
emissions are scaled to DICE-Africa emissions from diesel-
and gasoline-powered cars and motorcycles as well as
biomass and oil combustion associated with residential
charcoal, crop residue, fuelwood, and kerosene use. The
DICE-Africa inventory also includes emission estimates
from gas flares across Africa and ad hoc oil refining in the
Niger Delta, fuelwood use for charcoal production and other
commercial enterprises, and gas and diesel use in residential
generators. Marais and Wiedinmyer (2016) state that these
particular sources are missing or not adequately captured
in existing global inventories. Therefore, depending on
the source sector and inventory details, they recommend
that these emissions be added to existing global invento-
ries for formal industry and on-grid energy production in
Africa (DICE-Africa, 2016). Due to uncertainties in the
representation of these sectors in the default CEDS Africa
emissions, these sources are not included in the scaling
process here. Default CEDSGBD-MAPS emissions from the
1B2_fugitive_pert_gas (gas flaring) sector (derived from
the ECLIPSE and EDGAR inventories) are larger than
DICE-Africa gas flaring emissions in 2013, suggesting that
this source may be accurately represented in the default
CEDSGBD-MAPS estimates. As described in Sect. S2.3.2,
however, residential generator and fuelwood use for charcoal
production and other commercial activities are not explicitly
represented in CEDS and will be accounted for only to the
extent that these sources are included in the underlying IEA
activity data and EDGAR process emission estimates. In the
event that the DICE-Africa emissions from these sources

are missing in the default CEDS estimates, total 2013
CEDSGBD-MAPS emissions from Africa for each compound
may be underestimated by up to 11 % (Sect. S2.3, Table S5).
These values range from 0.7 % for SO2 to 11 % for CO
(Table S5) and all fall within the range of uncertainties typi-
cally reported from regional bottom-up inventories (> 20 %;
Sect. 4.2.3). Final emissions from additional sectors or
species in CEDS that are not included in the DICE-Africa
inventory are set to CEDSGBD-MAPS default values.

Second, emissions from India for select sectors are now
scaled to the Speciated Multi-pollutant Generator Inventory
described by Venkataraman et al. (2018) (hereafter called
SMoG-India). This inventory includes gridded emissions
(0.25◦× 0.25◦) of NOx (as NO2), SO2, total NMVOCs, CO,
BC, and OC for the year 2015 from select anthropogenic
sectors and fuels (SMoG-India, 2019). Similar to DICE-
Africa emissions, the final spatial distribution in the SMoG-
India and CEDSGBD-MAPS inventories will differ as country-
level emissions are scaled to country totals and spatially re-
allocated using CEDS proxies in Step 5. SMoG-India emis-
sions for each compound are available for 17 sectors and nine
fuel types (coal, fuel oil, diesel, gasoline, kerosene, naphtha,
gas, biomass, and fugitive or process). Similar to the DICE-
Africa inventory, aggregate scaling groups have been defined
to scale consistent sectors and fuels between inventories,
as described in Sect. S2.3. Briefly, default CEDSGBD-MAPS
emissions for the 1A4c_Agriculture-forestry-fishing sector
are scaled to the sum of SMoG-India emissions for agri-
cultural pumps and tractors; 1A4b_Residential emissions are
scaled to the sum of SMoG-India emissions from residential
lighting, cooking, diesel generator use, and space and wa-
ter heating; 1A1a electricity and heat generation sectors are
scaled to SMoG-India thermal power plant emissions; 1A3b
road and rail sectors are scaled to the respective SMoG-
India road and rail emissions; and CEDSGBD-MAPS industrial
working sectors are allocated and scaled to four SMoG-India
industrial sectors: light industry (e.g., mining and chemi-
cal production), heavy industry (e.g., iron and steel produc-
tion), informal industry (e.g., food production), and brick
production. Calculated scaling factors for these sectors are
held constant before and after 2015. CEDSGBD-MAPS emis-
sions do not include contributions from open burning and are
not scaled to SMoG-India open burning emissions. In cases
where SMoG-India emissions are not reported (e.g., power
generation from oil combustion), default CEDSGBD-MAPS
emissions are retained. Section S2.3.3 provides additional
details.

To examine the changes in CEDSGBD-MAPS emissions
associated with the incorporation of the SMoG-India and
DICE-Africa scaling inventories as well as the updated un-
derlying input datasets, Fig. 3 compares the total and sec-
toral distribution of CEDSGBD-MAPS and CEDSHoesly emis-
sions for these two regions in 2014 (year with latest over-
lapping data). For the Africa comparison, panel a in Fig. 3
shows that total NOx , BC, and OC emissions are generally
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Figure 3. Sectoral contributions to total annual emissions for 2014 of CEDSHoesly (a) and CEDSGBD-MAPS (b) emissions after scaling to
DICE-Africa and SMoG-India regional inventories. The total annual emissions are given by the values above each bar; bar colors represent
absolute sectoral contributions to emissions of each chemical compound. CO and NMVOC emissions are divided by 10 for clarity. Stars
indicate that NMVOC, BC, and OC emissions are in units of Tg C yr−1. NOx is in units of Tg NO2 yr−1.

lower in the CEDSGBD-MAPS inventory than in CEDSHoesly.
Lower NOx and OC emissions are largely associated with
smaller contributions from on-road transport and residential
combustion, respectively, while lower BC emissions are as-
sociated with both lower residential and on-road transport
contributions. Lower emissions of NOx from the transport
sector result from the lower EF used for diesel vehicles in
the DICE-Africa inventory (Marais et al., 2019). Compared
to GAINS (2010) and EDGAR v4.3.2 (2012), on-road emis-
sions from African countries in CEDSGBD-MAPS are up to
2.5 Tg lower for NOx but within 0.1 Tg for BC. In con-
trast to NOx , larger EFs in the DICE-Africa inventory for
on-road emissions of CO and OC result in CEDSGBD-MAPS
emissions from this sector that are up to 14.8 and 0.3 Tg
higher than previous estimates. Figure S2 shows that after
scaling, the implied emission factors of CO from oil and gas
combustion in the on-road transport sector for four African
countries range from 0.19–0.28 g g−1, slightly smaller than
the range of 0.029–0.380 g g−1 used in the DICE-Africa in-
ventory. Emissions from the residential and commercial sec-
tors in Africa are generally lower in CEDSGBD-MAPS than
in CEDSHoesly due to both lower biofuel consumption and
a lower assumed EF in the DICE-Africa inventory (Marais
and Wiedinmyer, 2016). Residential BC and OC emission
estimates are also lower than those from GAINS (Klimont
et al., 2017). The difference in biofuel consumption is due
to different data sources. The DICE-Africa inventory uses
residential wood fuel consumption estimates from the UN,
while CEDSHoesly uses data from the IEA. Both of these
sources consist largely of estimates for African countries
because there is little country-reported biofuel consumption
data available. The estimation methodologies for both the
UN and IEA estimates are not well documented, which adds

to the uncertainty in these values (Sect. 4.2). After scal-
ing, the implied EFs for residential biofuel emissions of OC
are∼ 0.001–0.002 g g−1 in three African countries (Fig. S2),
within the range of EFs of 0.0007–0.003 g g−1 implemented
in the DICE-Africa inventory. Total CEDSGBD-MAPS emis-
sions of NMVOCs are larger, primarily due to increased con-
tributions from solvent use in the energy sector associated
with changes in the EDGAR v4.3.2 inventory, while total
emissions of CO, SO2, and NH3 are relatively consistent be-
tween the two CEDS versions.

For the India comparison, panel b of Fig. 3 shows that
total emissions of NOx , CO, SO2, NMVOCs, and OC are
lower in CEDSGBD-MAPS. Relative reductions in NOx emis-
sions are largely associated with on-road transport. Scaled
CEDSGBD-MAPS transport emissions are 5 Tg smaller than
NOx emissions in CEDSHoesly, largely as a result of lower
fuel consumption levels for gas, diesel, and compressed natu-
ral gas (CNG) on-road vehicles used to develop SMoG-India
estimates (Sadavarte and Venkataraman, 2014). Figure S2
shows that the implied emission factor for NOx emissions
from oil and gas combustion in the on-road transport sec-
tor in India is ∼ 0.015 g g−1 in 2015, which falls within the
range of values of 0.0026–0.046 g g−1 used for various vehi-
cles and fuel type in Venkataraman et al. (2018). Similarly,
NOx transport emissions are also lower in CEDSGBD-MAPS
relative to the EDGAR and GAINS inventories. Causes of
other reductions relative to the CEDSHoesly are mixed. For
example, lower emissions of SO2 and NMVOCs are largely
associated with the energy sector, while reductions in the in-
dustry sector contribute to reduced CO emissions. For SO2,
Fig. S2 shows that the implied EF for coal combustion in the
energy sector is ∼ 0.004 g g−1, slightly lower than the range
of 0.0049–0.0073 g g−1 used for the SMoG-India inventory.
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To further examine the CEDSGBD-MAPS inventory in
these regions, Fig. 4 compares final CEDSGBD-MAPS and
CEDSHoesly emissions for India and Africa to total emissions
from two widely used global inventories: GAINS (ECLIPSE
v5a) and EDGAR (v4.3.2). First, Fig. 4 shows the percent
difference between the CEDSGBD-MAPS inventory and the
GAINS and EDGAR inventories on the y axis against the
percent difference between the CEDSHoesly inventory and
GAINS and EDGAR emissions on the x axis. Percent differ-
ences are calculated from total emissions from Africa (left)
and India (right) for the year 2012 for the comparison with
EDGAR and for 2010 for the comparison to GAINS (most
recent years with overlapping data). The green shaded areas
indicate regions where the updated CEDSGBD-MAPS inven-
tory has improved agreement with EDGAR or GAINS rel-
ative to the CEDSHoesly inventory. This comparison shows
that the additional scaling of CEDSGBD-MAPS emissions to
the SMoG-India inventory generally improves agreement
with both the EDGAR and GAINS inventories relative
to CEDSHoesly for all species except black carbon (BC).
Scaling to the DICE-Africa inventory generally improves
CEDSGBD-MAPS agreement with the EDGAR inventory but
not with GAINS (except for OC). Further comparisons to
these two inventories are discussed in Sect. 4. While uncer-
tainties in emissions from these inventories are expected to
be at least 20 % for each compound (discussed in Sect. 3.3),
this comparison provides an illustration of the changes be-
tween the two CEDS versions relative to two widely used
global inventories.

2.3 Default BC- and OC-scaling procedure –
CEDSGBD-MAPS update details

Relative to the CEDS v2019-12-23 system, the second-
largest change to the CEDSGBD-MAPS system is the added
scaling of BC and OC emissions in CEDS Step 2. In
the v2019-12-23 system, OC and BC were not scaled due
to a lack of historical BC and OC emission estimates
in regional and global inventories. Due to the focus of
the CEDSGBD-MAPS inventory on more recent years, these
two compounds are now scaled to available regional- and
country-level estimates (Table 3) following the same scaling
procedure described above for the reactive gases. Unlike the
reactive gases, however, BC and OC emissions are not scaled
to the global EDGAR v4.3.2 inventory due to the large re-
ported uncertainties in this inventory (ranging from 46.8 %
to 153.2 %; Crippa et al., 2018).

To examine the impact of the new BC and OC emissions
scaling, in addition to the updated IEA energy consump-
tion data, Figs. 5 and S3–S4 show time series of global BC
and OC emissions from CEDSGBD-MAPS compared to emis-
sions from the CEDSHoesly inventory. In 2014, respective
global annual emissions of BC and OC are 21 % and 28 %
lower than the CEDSHoesly inventory and have total global
annual emissions in 2017 of 6 and 13 Tg C yr−1 for BC and

OC, respectively. These reductions in global emissions are
largely due to the added scaling of emissions from China,
Africa, Japan, and other countries in Asia included in the
REAS inventory (Figs. S3–S4). Figures 5 and S3–S4 addi-
tionally compare CEDSGBD-MAPS emissions to those from
the GAINS (ECLIPSE v5a) and EDGAR (v4.3.2) invento-
ries, which generally show improved agreement in BC and
OC emissions with the GAINS inventory. CEDSGBD-MAPS
emissions between 1990 and 2015 are now 7 %–14 % lower
than GAINS BC emissions, while CEDSGBD-MAPS emissions
of OC remain 12 %–25 % higher than GAINS estimates. Fur-
ther discussion of CEDSGBD-MAPS BC and OC emissions and
comparisons to EDGAR and GAINS inventories are below
in Sect. 4.1.2. As an additional point of comparison, Bond et
al. (2013) report global BC and OC values for the year 2000,
derived from averages of energy-related burning emissions
from SPEW and GAINS. Reported global estimates of BC
and OC are 5 and ∼ 11–14 Tg C (16 Tg organic aerosol re-
ported; organic-mass-to-organic-carbon ratio= 1.1–1.4), re-
spectively (Bond et al., 2013). These also have improved
agreement with the CEDSGBD-MAPS estimates of BC and OC
in 2000 relative to those in the CEDSHoesly inventory. Lastly,
we note plans for an upcoming update to the core CEDS sys-
tem to improve historical trends in carbonaceous aerosol by
incorporating reported inventory values for total PM2.5 and
its ratio with BC and OC emissions.

2.4 Fuel-specific emissions – CEDSGBD-MAPS update
details

Prior to gridding, CEDSGBD-MAPS Step 4 combines total
country-level emissions for each of the 52 working sectors
and nine fuel groups into 17 aggregate sectors and four fuel
groups: total coal (hard coal+ brown coal+ coal coke), solid
biofuel, the sum of liquid fuels (heavy oil+ light oil+ diesel
oil) and natural gas, and all remaining “process” emissions
(Table 2). In contrast, the CEDS v2019-12-23 system aggre-
gates all fuel-specific emissions and reports inventory val-
ues as a function of sector only. In CEDSGBD-MAPS, country-
total emissions from these aggregate sectors and fuel groups
are distributed across a 0.5◦× 0.5◦ global grid using spatial
gridding proxies, as discussed in Sect. 2.1 (Table S7). Dur-
ing gridding, the same spatial proxies are applied to all fuel
groups within each sector. In practice, this requires that the
gridding procedure be repeated 4 times for each of the fuel
groups. After gridding in CEDS Step 5, both annual country-
total and gridded emission fluxes from each fuel group are
aggregated to 11 final sectors. Figure S5 demonstrates the
level of detail available in the new CEDSGBD-MAPS grid-
ded emission inventory by illustrating global BC emissions
in 2017 from (1) all source sectors, (2) the residential sec-
tor only, (3) residential biofuel use only, and (4) residential
coal use only. Additional uncertainties associated with the
CEDSGBD-MAPS fuel-specific emissions in both the country-
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Figure 4. The x and y axes show the percent difference between CEDS emissions in India and Africa (y axis: CEDSGBD-MAPS; x

axis: CEDSHoesly) and those from the GAINS (ECLIPSE v5a) and EDGAR v4.3.2 inventories (i.e., 100× (CEDS−EDGAR)/((CEDS−
EDGAR)/2)). Comparisons are conducted with the most recent available year, 2010, for the comparison with GAINS and 2012 for the com-
parison with EDGAR. Green regions indicate where the CEDSGBD-MAPS emissions have improved agreement with EDGAR and GAINS
relative to the CEDSHoesly inventory. Red regions indicate where CEDSGBD-MAPS emissions have worse agreement with EDGAR or GAINS
relative to the CEDSHoesly inventory. The color of each point represents the chemical compound, and each point is labeled with an “E” or
“G”, indicating that the percent difference was calculated using EDGAR or GAINS, respectively.

Figure 5. Comparison of global inventories of BC and OC emissions. Total EDGAR v4.3.2 and GAINS (ECLIPSE v5a) emission inventories
shown without agricultural waste burning and aviation emissions. CEDSGBD-MAPS emissions of BC and OC are not scaled to EDGAR or
GAINS estimates.

total and annual gridded products are discussed further in
Sect. 4.2.4

3 Results

The new CEDSGBD-MAPS inventory provides global emis-
sions of NOx , SO2, NMVOCs, NH3, CO, OC, and BC for
11 anthropogenic sectors (agriculture, energy, industry, on-
road, non-road transportation, residential, commercial, other,
waste, solvents, international shipping) and four fuel groups
(combustion of total coal, solid biofuel, liquid fuels and
natural gas, and process sources) over the time period be-
tween 1970–2017. Final country-level emissions are pro-
vided as annual time series in units of metric kilotons per

year (kt yr−1) for each sector and fuel type and include
NOx as emissions of NO2. Final global gridded (0.5◦× 0.5◦)
emissions for each compound, sector, and fuel group have
been converted to emission fluxes (kg m−2 s−2), distributed
over 12 months, and represent NOx as NO to facilitate use
in earth system models. Total NMVOCs in gridded products
are additionally separated into 25 sub-VOC classes. Using a
combination of updated energy consumption data and scal-
ing procedures, CEDSGBD-MAPS provides the most contem-
porary bottom-up global emission inventory to date and is
the first inventory to report global emissions of multiple at-
mospheric pollutants from multiple fuel groups and sectors
using consistent methodology. The following results section
presents an overview of the CEDSGBD-MAPS emission inven-
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Figure 6. Time series of global annual emissions of NOx (as NO2), CO, SO2, NMVOCs, NH3, BC, and OC for all sectors and fuel types.
Solid black lines are the CEDSGBD-MAPS inventory, with fractional sector contributions indicated by colors. Dashed gray lines are the
CEDSHoesly inventory. Dashed blue lines are the EDGAR v4.3.2 global inventory. Red markers are ECLIPSE v5a baseline “current leg-
islation” (CLE) emissions (from the GAINS model) with data in 2015 and 2020 from GAINS CLE projections. All inventories include
international shipping but exclude aircraft emissions. Pie chart inserts show fractional contributions of emission sectors to total 2017 emis-
sions (outer) and fuel type contributions to each sector (inner). Emission totals for 2017 (units: Tg yr−1; Tg C yr−1 for NMVOCs, OC, BC)
are given inside each pie chart.

tory, with particular focus on emissions in 2017 and historical
trends as a function of compound, sector, fuel type, and world
region. Section 4 compares these results to other global emis-
sion inventories and discusses the magnitudes and sources of
inventory uncertainties. Known issues in the inventory data
at the time of submission are detailed in Sect. S4.

3.1 Global annual total emissions in 2017

Figures 6 and 7 show time series from 1970–2017 of global
annual CEDSGBD-MAPS emissions for each emitted com-
pound. Global CEDSGBD-MAPS emissions for reactive gases
in 2017 are 122 Tg for NOx (as NO2), 538 Tg for CO, 79 Tg
for SO2, 175 Tg C for total NMVOCs, and 61 Tg for NH3.
Global 2017 emissions of carbonaceous aerosol are 13 and
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6 Tg C for OC and BC, respectively. The time series in Figs. 6
and 7 additionally show the contributions to global emissions
from each of the 11 source sectors (Fig. 6) and four fuel
groups (Fig. 7). Each panel in Fig. 6 additionally shows a
pie chart with the fractional contribution of each sector to
total global emissions in 2017 (outside), while the inner pie
chart shows the fractional contributions from each of the fuel
groups to each source sector. Numerical values for these frac-
tional contributions are in Table S8. Global totals for 2017
are provided in the center of each pie chart. Global emissions
from each compound are additionally split into contributions
from 11 world regions (defined in Table S9) in Fig. 8 to aid
in the interpretation of global trends below.

For global 2017 emissions of NOx , Fig. 6 and Table S8
show that 60 % of NOx emissions are associated with the en-
ergy generation (22 %), industry (15 %), and on-road trans-
portation (23 %) sectors. These sectors have the largest con-
tributions from emissions from coal combustion (> 46 % for
the energy and industry emissions) and the combined com-
bustion of liquid fuels (oil) and natural gas (with these two
fuels accounting for 100 % of NOx on-road emissions). Time
series of regional contributions to global emissions in Fig. 8
additionally show that 50 % of global 2017 NOx emissions
are from the combined Other Asia/Pacific region (Table S9)
(13 Tg), China (24 Tg), and international shipping (25 Tg).
For global 2017 emissions of remaining gas-phase pollu-
tants, 67 % of CO emissions are from the on-road (100 %:
oil + gas) and residential (86 %: biofuel) sectors; 78 % of
SO2 emissions are from the energy generation (63 %: coal)
and industry (38 % coal, 36 % process, 25 % oil + gas)
sectors; 89 % of NH3 emissions are from the agriculture
(100 %: process) and waste (100 %: process) sectors; and
emissions of NMVOCs have the largest single contribution
(36 %) from the energy sector, 99 % of which are associated
with CEDSGBD-MAPS process sources (Table 2). For carbona-
ceous aerosol in 2017, 58 % of global BC emissions are from
the residential (70 %: biofuel) and on-road (100 %: oil+ gas)
sectors, while 67 % of global OC emissions are from the res-
idential (92 %: biofuel) and waste (100 %: process) sectors.
Figure 8 shows that in 2017, China is the dominant source
of global CO (144 Tg, 27 % of global total), SO2 (12 Tg,
15 % of global total), NH3 (12 Tg, 20 % of global total), OC
(2.7 Tg C, 20 % of global total), and BC (1.4 Tg C, 24 % of
global total). In contrast, Africa is the dominant source of
global NMVOCs in 2017 (48 Tg C, 27 % of global total), and
international shipping is the dominant source of global NOx

emissions (25 Tg, 20 % of global total).
As discussed above in Sect. 2 and below in Sect. 4.2.4,

the distinction between CEDS combustion- and process-level
source categories for all species may result in the underrep-
resentation of emissions from combustion sources relative to
those from CEDS process-level sectors. As shown in Table 2,
for example, some combustion emissions from the energy, in-
dustry, and waste sectors, such as fossil fuel fires and waste
incineration, are categorized as CEDS “process-level” source

categories (Table 2). These emissions are allocated to the fi-
nal CEDS process category rather than the CEDS total coal,
biofuel, or oil and gas categories.

3.2 Historical trends in annual global emissions

Historical emission trends between 1970 and 2017 in Figs. 6
and 7 indicate that global emissions of each compound
generally follow three patterns: (1) global CO and SO2
emissions peak prior to 1990 and generally decrease un-
til 2017; (2) global emissions of NOx , BC, and OC peak
much later, around 2010, and then decrease until 2017; and
(3) global emissions of NH3 and NMVOCs continuously in-
crease throughout the entire time period. These trends gen-
erally reflect the sector-specific regulations implemented in
dominant source regions around the world. For example,
global emissions of CO generally decrease after the incor-
poration of catalytic converters in North America and Eu-
rope around 1990 (Figs. S7 and S8). Despite, however, con-
tinued reductions in these regions, global emissions of CO
slightly increase between 2002 and 2012 due to simultane-
ous increases among the energy, industry, and residential sec-
tors in China, India, Africa, and the Other Asia/Pacific region
(Figs. S9–S12). Global CO emissions then decrease by 9 %
between 2012 and 2017, largely due to reductions in indus-
trial coal, residential biofuel, and process energy sector emis-
sions in China (Figs. S9, S17–S18, S20), associated with the
implementation of emission control strategies (reviewed in
Zheng et al., 2018) as well as continued reductions in on-road
transport emissions in North America and Europe (Figs. S7–
S8). Similarly, global SO2 emissions decrease after peaking
in 1979, largely due to emission control policies in the energy
and industry sectors in North America and Europe (Figs. S7–
S8). While simultaneous increases in emissions from coal
use in the energy and industry sectors in China result in a
brief increase in global SO2 emissions between 1999 and
2004 (Figs. 6, S9), global SO2 emissions decline by 32 %
between 2004 and 2017 due to the implementation of stricter
emission standards for the energy and industry sectors af-
ter 2010 in China (Zheng et al., 2018) as well as continued
reductions in North America and Europe (Figs. S7–S8). Re-
gional SO2 emission trends are particularly large with a fac-
tor of 9.5 decrease in total SO2 emissions in North America
between 1973 and 2017, a factor of 6.9 decrease in Europe
between 1979 and 2017, and a factor of 5.9 increase in China
between 1970 and 2004, followed by a factor of 2.6 decrease
after 2011 (Fig. 8). While China is the largest global contrib-
utor to SO2 emissions between 1994 and 2017, these large
regional reductions, coupled with increasing SO2 emissions
in the Other Asia/Pacific region, African countries, and In-
dia (Fig. 8), indicate that future global SO2 emissions will
increasingly reflect activities in these other rapidly growing
regions.

In contrast to historical emissions of SO2 and CO, global
emissions of NOx , BC, and OC peak later, between 2011
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Figure 7. Time series of global annual emissions of NOx , CO, SO2, NH3, NMVOCs, BC, and OC for all sectors, colored by fuel group.

Figure 8. Time series of global annual CEDSGBD-MAPS emissions of NOx , CO, SO2, NH3, NMVOCs, BC, and OC for all sectors and fuel
types, split into 11 regions and countries (defined in Table S9).

and 2013. Global emissions then decrease by 7 %, 9 %, and
7 %, respectively, by 2017 (Fig. 6). These trends also re-
flect the sector-specific regulations implemented in dominant
source regions. For NOx for example, global emissions be-
tween 1970 and 2017 are dominated by the combustion of
coal, oil, and gas in the on-road transportation, energy gener-
ation, industry, and international shipping sectors (Figs. 6, 8).
Global on-road transportation emissions are generally flat be-
tween 1988 and 2013 due to competing trends across world
regions. While more stringent vehicle emission standards re-
sult in more than a factor of 2 decrease in on-road trans-
portation NOx emissions in North America and Europe be-

tween 1992 and 2017 (Figs. S7–S8), on-road transport emis-
sions in China, India, and the Other Asia/Pacific region si-
multaneously experience between a factor of 1.3 and 2.8 in-
crease (Figs. S9–S11). Subsequent reductions between 2013
and 2017 in global on-road emissions correspond to a 12 %
reduction in on-road transportation emissions in China due
to the phase-in of stricter emission standards (Zheng et al.,
2018), coupled with a continued decrease in emissions from
North America and Europe. Global NOx emissions from the
energy and industry sectors increase by up to a factor of 6
between 1970 and 2011 due to regional increases in China,
India, the Other Asia/Pacific region, and African countries,
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with reductions between 2011 and 2017, again largely from
reductions in China from stricter emissions control policies
for coal-fired power plants and coal use in industrial pro-
cesses (Zheng et al., 2018; Liu et al., 2015). Global emis-
sions of NOx from waste combustion and agricultural activ-
ities also increased by 2 % and 65 %, respectively, between
1970 and 2017, also contributing to the offset of recent re-
ductions in emissions from regulated combustion sources
(Fig. 6). Similar to global NOx emissions, trends in histor-
ical BC and OC emissions reflect a balance between emis-
sion trends in North America, Europe, and other world re-
gions, with reduction between 2010 and 2017 largely driven
by reductions in emissions from China (Figs. 8, S9). In con-
trast to NOx emissions, however, BC and OC emissions are
dominated by contributions from biofuel combustion in the
residential sector as well as on-road transportation, industry,
and energy sectors for BC and the waste sector for global OC
(Fig. 6). Though emissions of BC and OC have a higher level
of uncertainty relative to other compounds (Sect. 4), emis-
sions from African countries and the Other Asia/Pacific re-
gion experience growth in BC and OC emissions from these
sectors. The exceptions are in China and India, both of which
experience a plateau or reduction in BC and OC emissions
from the residential, energy (China only), industry, and on-
road transportation sectors between 2010 and 2017. In India,
reductions in BC and OC emissions from the residential and
informal industry sectors are expected to continue under poli-
cies to switch to cleaner residential fuels and energy sources,
while BC emissions from on-road transport may increase due
to increased transport demand (Venkataraman et al., 2018).
Similar to trends in SO2 emissions, increasing trends in total
OC and BC emissions from Africa, India, Latin America, the
Middle East, and the Other Asia/Pacific region, coupled with
large decreases in emissions from China, North America, and
Europe (Fig. 8), indicate that global emissions will increas-
ingly reflect activities in these rapidly growing regions.

Trends in historical emissions of NMVOCs and NH3 dif-
fer from other pollutants in that they continuously increase
between 1970 and 2017. Global emissions of NH3 increase
by 81 % between 1970 and 2017 and are largely associated
with emissions from agricultural practices (75 % in 2017)
and waste disposal and handling (14 % in 2017) (Fig. 6, Ta-
ble S8). Unlike emissions from combustion sources, there are
no large-scale regulations outside of Europe targeting NH3
emissions from agricultural activities, such as livestock ma-
nure management. As a result, global agricultural emissions
of NH3 increase between 1970 and 2017 by 82 %, driven by
increases in all regions other than Europe (Figs. 6, S6–S12).
Similarly, global NH3 emissions from the waste sector in-
crease by 77 % between 1970 and 2017, driven by increases
in Latin America, the Other Asia/Pacific region, Africa, and
India (Figs. S10–S12). Global emissions of NMVOCs in-
crease by 40 % between 1970 and 2017 and are largely as-
sociated with emissions from the on-road transport, resi-
dential, energy, industry, and solvent use sectors (Fig. 6).

In contrast to other emitted pollutants, Africa is the largest
global source of NMVOC emissions between 2010 and 2017,
largely due to large contributions and continued increases in
emissions from the residential (factor of 2.7) and energy (fac-
tor of 4) sectors (Fig. S12). Increases in energy sector emis-
sions after 2003 are largely driven by increases in fugitive
emissions from select African countries, including Nigeria,
Kenya, Angola, and Mozambique. Emissions from China are
the second-largest global NMVOC source between 1996 and
2017 (Fig. 8), while the Other Asia/Pacific region is the third-
largest source between 1999 and 2017. Total NMVOCs in
China increase by a factor of 3.4 between 1970 and 2017
due to activity increases in the solvent, energy, and industry
sectors (Zheng et al., 2018), while targeted emission controls
for the residential and on-road transport sectors result in their
reduced contributions to NMVOC emissions between 2012
and 2017 (Fig. S9). Total emissions of NMVOCs in Europe
and North America decrease by up to a factor of 2.4 between
1970 and 2017 due to reductions in all source sectors, except
for energy emissions in North America, which increase be-
tween 2007 and 2011 and remain flat through 2017 (Fig. S7).

To provide a fuel-centric perspective of global historical
emissions trends, Fig. 7 illustrates the contributions from
the combustion of coal, solid biofuel, the sum of liquid fuel
and natural gas, and all remaining CEDS “process-level”
sources (Table 2) to total global emissions between 1970
and 2017. Reductions discussed above between 2010 and
2017 for global emissions of NOx , CO, SO2, BC, and OC
are largely associated with reductions in coal combustion
from the energy, industry, and residential sectors associated
with emission control policies and residential fuel replace-
ment in China as well as coal-fired power plant reductions in
North America and Europe (Figs. 7, S13, S17–S18). Despite
large reductions in emissions, China is still the single largest
source of global emissions from coal combustion in 2017
(23 %–64 % for each compound except NH3). Figure S17,
however, also shows that emissions from coal combustion
are simultaneously increasing in India, the Other Asia/Pacific
region, and Africa. Specifically, SO2 emissions from coal
combustion in India are set to surpass those from China by
2018 if recent CEDSGBD-MAPS trends hold. For solid bio-
fuel combustion, global emissions of all compounds are pri-
marily associated with the residential sector (Fig. S14), with
recent reductions in biofuel CO, SO2, BC, and OC emis-
sions largely from reductions in China (Fig. S18). In con-
trast, biofuel emissions from all other regions remain rela-
tively flat or increase between 1970 and 2017, though bio-
fuel emissions of NMVOCs, CO, SO2, and OC in India as
well as SO2 emissions in North America both decrease be-
tween 2010 and 2017 (Fig. S18). In 2017, biofuel emissions
of all compounds are dominated by emissions from either
Africa (NOx , SO2, NH3, NMVOC, BC) or India (OC). For
oil and gas combustion, global emissions of all compounds
are primarily associated with on-road transportation, inter-
national shipping, and energy and industry (SO2 only) sec-
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tors, with general decreases in associated emissions in North
America and Europe between 1970 and 2017 and increases
in other regions (Fig. S19). In contrast to other combus-
tion sectors and fuels, emissions of NOx , CO, NMVOCs,
BC, and OC from the combustion of liquid fuels and natu-
ral gas in China remain relatively flat or slightly decrease be-
tween 2010 and 2017. Dominant global regions vary by com-
pound (Fig. S19) and include international shipping (NOx ,
SO2), Africa (OC), India (BC), North America (CO, NH3),
and the Other Asia/Pacific region (NMVOCs). Global CEDS
process source emissions, which include contributions from
some fuel combustion processes (Table 2), decrease between
2010 and 2017 for CO, SO2, BC, and OC. These trends
are primarily associated with reductions in emissions from
the energy and industry sectors. In contrast, process source
contributions to NOx , NH3, and NMVOCs increase over
this same time period due to increases in non-combustion
agricultural and solvent use emissions as well as emissions
from waste disposal and energy generation and transforma-
tion (Fig. S16). Increases in emissions from these sectors be-
tween 1970–2017 drive the continuous increases in global
NH3 and NMVOCs, discussed above. Dominant source re-
gions in 2017 of these process-level emissions include China
(NOx , CO, NH3, BC, OC), India (SO2), and African coun-
tries (NMVOCs) (Fig. S20).

4 Discussion

4.1 Comparison to global inventories

4.1.1 Comparison to CEDSHoesly inventory

As a result of the similar methodologies, Fig. 6 shows that
CEDSGBD-MAPS and CEDSHoesly emission inventories pre-
dict similar magnitudes and historical trends in global emis-
sions of each compound between 1970 and 2014. The two
inventories, however, diverge in recent years due to the incor-
poration of updated activity data and both updated and new
scaling emission inventories included in the CEDSGBD-MAPS
system. For global emissions of NOx , CO, and SO2, the
CEDSGBD-MAPS emissions are smaller than the CEDSHoesly
emissions after 2006 and show a faster decreasing trend. By
2014, global emissions of these compounds are between 7 %
and 21 % lower than previous CEDSHoesly estimates. These
differences are largely associated with large emission reduc-
tions in China as a result of the updated national-level scal-
ing inventory from Zheng et al. (2018), along with the added
DICE-Africa (Marais and Wiedinmyer, 2016) and SMoG-
India (Venkataraman et al., 2018) scaling inventories. Differ-
ences in emissions from India and Africa in the two CEDS
inventories are discussed in Sect. 2 (Fig. 3) and, combined,
account for∼ 60 % of the reduction in global NOx emissions,
23 % of the reduction in global CO, and 14 % of the reduction
in global SO2. The largest differences between these two in-
ventories in India and Africa are the reduced NOx emissions

from the transport sector as well as reduced energy emis-
sions of SO2 in India. Remaining differences between NOx

and SO2 emissions in the two CEDS inventories are largely
associated with the updated China emission inventory from
Zheng et al. (2018), which reports lower emissions in 2010
and 2012 than a previous version of the MEIC inventory
that was used to scale China emissions in the CEDSHoesly
inventory (C. Li et al., 2017). These emission reductions
are largely associated with the industrial and residential sec-
tors in China and are partially offset by a simultaneous in-
crease in transportation emissions of all compounds relative
to CEDSHoesly.

For global emissions of NH3 and NMVOCs, these species
remain relatively unchanged between the CEDSHoesly and
CEDSGBD-MAPS inventories. In 2014 CEDSGBD-MAPS emis-
sions are 5 % higher than CEDSHoesly emissions for
NMVOCs and 2 % lower than CEDSHoesly global NH3
emissions. Emissions of NH3 remain relatively unchanged
(within < 2 %) from dominant source regions, including In-
dia, Africa (Fig. 3), and China. In contrast, emissions of
NMVOCs from Africa and China in the DICE-Africa and
Zheng et al. (2018) scaling inventories are larger than those
in the CEDSHoesly inventory. Global emissions of NMVOCs
are also higher in the EDGAR v4.3.2 inventory relative
to the previous version used in the CEDSHoesly inventory.
NMVOCs are particularly large from the process energy sec-
tor emissions in Africa (Fig. S12), which primarily include
fugitive emissions from oil and gas operations (Table 2). De-
fault energy sector emissions from “non-combustion” pro-
cesses are taken from the EDGAR inventory and are not
scaled to the DICE-Africa inventory. Therefore, the large in-
crease in these emissions in Africa relative to CEDSHoesly
is largely driven by changes in the EDGAR v4.3.2 inventory,
with emissions from the 1B2_Fugitive_Fossil fuels sector in-
creasing for example by a factor of 5 in Nigeria between 2003
and 2017.

Global emissions of OC and BC have the largest
differences between the two CEDS inventories, with
CEDSGBD-MAPS emissions consistently smaller than
CEDSHoesly emissions between 1970 and 2014. By 2014,
CEDSGBD-MAPS emissions of BC and OC are 24 % and
33 % smaller than corresponding CEDSHoesly emissions. In
the CEDSHoesly inventory, default emissions of BC and OC
are not scaled, and therefore these differences are largely
associated with the added scaling inventories, discussed in
Sect. 2 and shown in Table 3. As shown in Figs. S3–S4, the
added scaling of BC and OC emissions leads to a reduction
in global CEDSGBD-MAPS emissions of OC in all scaled
regions and a reduction in BC emissions in all regions other
than India. In India, increases in industry and residential BC
emissions from the SMoG-India scaling inventory result in
a slight increase in BC emissions relative to the CEDSHoesly
inventory (Fig. 3). Waste emissions of OC and BC are also
reduced in the CEDSGBD-MAPS inventory due to updated
assumptions for the fraction of waste burned (Sect. S1.1).
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As discussed in Hoesly et al. (2018) and further below, BC
and OC emissions typically have the largest uncertainties
of all the emitted species, and their recent changes in the
residential and waste sectors are particularly uncertain.

The relative contributions of each source sector to emis-
sions in the two CEDS versions are additionally shown in
Fig. S21. This comparison shows that the fractional sectoral
contributions to global emissions in 2014 are the same to
within 10 % in the two CEDS inventories. The largest dif-
ferences are a 9 % increase in the relative contribution of
on-road transportation emissions of CO and reductions in
the relative contribution of waste emissions across all com-
pounds. These trends reflect the large update to default waste
emissions described above as well as changes associated with
the DICE-Africa and national China scaling inventories.

Similar to the total global emissions, changes between the
two CEDS versions for the national-level and 0.5◦× 0.5◦

gridded products will also result from updates to the energy
consumption data, scaling inventories (Sects. 2.2–2.3), and
spatial distribution proxies from EDGAR v4.3.2 (Sect. 2.1).
Time series of differences between the CEDSHoesly and
CEDSGBD-MAPS inventories for 11 world regions are shown
for each compound in Fig. S22. Fig. S22 shows that
CEDSGBD-MAPS emissions are, in recent years, generally
lower in each region, with the greatest differences in Africa,
India, and China. The relative changes in Africa and India are
discussed in Sect. 2. For China, the CEDSGBD-MAPS emis-
sions are generally lower than the CEDSHoesly estimates af-
ter the year 2010 as a result of the updated scaling inventory.
Regional differences between inventories are also greater for
OC and BC emissions relative to other compounds due to the
added scaling procedure discussed in Sect. 2. Differences in
spatial distributions are not discussed here as changes repre-
sent differences in the spatial proxies, which are largely from
updates to the EDGAR inventory.

4.1.2 Comparison to other global inventories (EDGAR
and GAINS)

Figure 6 additionally provides a comparison of the
CEDSGBD-MAPS global emissions to those from two widely
used inventories: EDGAR v4.3.2 (Crippa et al., 2018; EC-
JRC, 2018) and ECLIPSE v5a (GAINS) (IIASA, 2015;
Klimont et al., 2017). For a comparison of global emissions
across similar emission sectors, the EDGAR v4.3.2 inventory
in Fig. 6 includes emissions from all reported sectors (in-
cluding international shipping), except for those from agri-
cultural waste burning and domestic and international avia-
tion. Similarly, the GAINS ECLIPSE v5a baseline scenario
inventory in Fig. 6 includes all reported emissions other than
those from agricultural waste burning. These include contri-
butions from aggregate residential and commercial combus-
tion sources (“dom”), energy generation (“ene”), industrial
combustion processes (“ind”), road and non-road transporta-
tion (“tra”), agricultural practices (“agr”), and waste disposal

(“wst”). GAINS ECLIPSE v5a baseline estimates for inter-
national shipping emissions are also included in Fig. 6. A ta-
ble with sectoral mappings of the CEDSGBD-MAPS, EDGAR
v4.3.2, and GAINS inventories is provided in Table S10.

The comparison in Fig. 6 shows that global emissions of
all compounds in the CEDSGBD-MAPS inventory are consis-
tently larger than in the EDGAR v4.3.2 inventory (Crippa et
al., 2018). Global CEDSGBD-MAPS emissions of NOx , SO2,
CO, and NMVOCs are at least 27 % larger, while global
emissions of NH3, BC, and OC are within 52 %. Figure S23
indicates that differences in global BC and OC emissions are
largely due to higher waste and residential and commercial
emissions in the CEDSGBD-MAPS inventory. Figure 6, how-
ever, also shows that the trends in global emissions are sim-
ilar between EDGAR v4.3.2 and CEDSGBD-MAPS for most
compounds. For example, between 1970 and 2012, global
emissions of SO2, NH3, NMVOCs, and BC peak in the same
years. Global CO and NOx emissions both peak 1 year earlier
in the CEDSGBD-MAPS inventory but otherwise follow simi-
lar historical trends. Trends in OC emissions are the most
different between the two inventories, with a peak in emis-
sions in 1988 in the EDGAR inventory compared to 2012
in the CEDSGBD-MAPS inventory. A comparison of relative
sectoral contributions in Fig. S23 shows that these differ-
ences in OC emissions are largely due to the residential
and commercial sectors, which may be underestimated in
the EDGAR v4.3.2 inventory relative to GAINS (Crippa et
al., 2018) and CEDSGBD-MAPS. Both inventories also show
a net increase in global emissions of all compounds other
than SO2 between 1970 and 2012. Global SO2 emissions
follow a similar trend until 2007, after which the emissions
in CEDSGBD-MAPS decrease at a faster rate than in EDGAR
v4.3.2. These differences are largely due to the energy sec-
tor, which increases between 2006 and 2012 in EDGAR
and decreases as a result of emission reductions in China
in the CEDSGBD-MAPS inventory (Fig. S23). For all other
compounds, the rate of increase in emissions between 1970
and 2012 is also slightly different between the two inven-
tories. For example, NH3 emissions in the CEDSGBD-MAPS
inventory increase by 74 % compared to a 139 % increase
in EDGAR. In contrast, BC and OC emissions increase at
a faster rate in the CEDSGBD-MAPS inventory. Due to sim-
ilar sources of uncertainty and the additional scaling of
CEDSGBD-MAPS emissions to EDGAR (except for BC and
OC), levels of uncertainty between the two inventories are
expected to be similar, as discussed further in Sect. 4.2.

Similar to the comparison with EDGAR emissions, Fig. 6
also shows that global emissions in the CEDSGBD-MAPS in-
ventory are generally larger than emission estimates from the
GAINS model, published as part of the ECLIPSE v5a in-
ventory (referred to here as GAINS) (Klimont et al., 2017).
Two exceptions are for SO2 emissions, which are up to 6 %
lower than GAINS in select years, and BC emissions, which
are consistently 5 %–15 % lower than GAINS for all years.
While the sectoral definitions may slightly differ between
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these inventories, Fig. S24 shows that these differences are
largely due to different trends in energy and industry SO2
emissions between 2005 and 2015 and consistently lower
BC emissions from the residential and commercial sector
in the CEDSGBD-MAPS inventory. For all years with over-
lapping data between 1990 and 2015, the absolute magni-
tude of global emissions is within ±15 % for NOx , SO2,
NH3, and BC; within 22 % for CO and OC; and within
50 % for NMVOCs. Historical trends in each inventory are
also similar for all compounds other than CO and NMVOCs
(Fig. 6). Peak global emissions occur between 2010 and 2012
for NOx , BC, and OC, while both inventories show a net
decrease in emissions in SO2 and a net increase in emis-
sions of NH3. In contrast, GAINS emissions of CO peak in
2010, while CEDSGBD-MAPS emissions peak in 1990. The
largest differences in historical trends are for global NMVOC
emissions, with GAINS showing a 3 % decrease between
1990 and 2010, while CEDSGBD-MAPS NMVOC emissions
increase by 13 % over this same time period (Fig. 6). Sec-
toral contributions between the two inventories in Fig. S24
indicate that these differences are largely due differences
in the energy, industry, and on-road transport emissions of
NMVOCs. Uncertainties in the GAINS model have been pre-
viously estimated to fall between 10 % and 30 % in Europe
for gas-phase species (Schöpp et al., 2005) and within the
uncertainty estimates for BC and OC of other global bottom-
up inventories (Klimont et al., 2017; Bond et al., 2004), as
discussed in the following section.

4.2 Uncertainties

The level and sources of uncertainty in the CEDSGBD-MAPS
inventory are similar to those in the CEDSHoesly inventory,
which are largely a function of uncertainty in the activ-
ity data, emission factors, and country-level inventories. As
these uncertainties have been previously discussed in Hoesly
et al. (2018), we have not performed a formal uncertainty
analysis here but rather provide a brief summary of the
sources of uncertainty associated with this work. We note
plans for a robust uncertainty analysis in an upcoming re-
lease of the CEDS core system. While this section highlights
many of the challenges associated with estimating compre-
hensive and accurate global bottom-up emission inventories,
such inventories remain vital for their use in chemistry and
climate models and for the development and evaluation of
future control and mitigation strategies.

4.2.1 Uncertainties in activity data

As discussed in Sect. 2.1, CEDS default emissions from com-
bustion sources are largely informed by fuel consumption
data from the IEA 2019 World Energy Statistics Product
(IEA, 2019). While this database provides energy consump-
tion data as a function of detailed source sector and fuel type
for most countries, the IEA data are uncertain and include

breaks in time series data that can lead to abrupt changes in
the CEDSGBD-MAPS emissions for select sectors, fuels, and
countries. For example, Fig. S7 shows an order of magnitude
decrease (0.1 Tg C) in OC industrial emissions from North
America between 1992 and 1993, which is driven by a break
in IEA biofuel consumption data for the non-specified man-
ufacturing industry sector (CEDS sector: 1A2g_Ind-Comb-
other) in the United States. While the magnitude of this par-
ticular change is negligible on the global scale, this is not
the case for all sectors. For example, as noted in Sect. S4,
a known issue in the IEA data in China in the energy sector
causes peaks in the associated NOx and SO2 CEDSGBD-MAPS
emissions in 2004. These peak emissions may be overes-
timated by up to 4 and 10 Tg, respectively, which is large
enough to impact historical trends in both regional (Fig. 8:
NOx and SO2) and global (Figs. 6–7: SO2) emissions. These
point to areas where improvements could be made to the un-
derlying driver data in future work.

4.2.2 Uncertainties in global bottom-up inventories

Uncertainties in bottom-up emission inventories vary as a
function of space, time, and compound, making total un-
certainties difficult to quantify. Default emission estimates
in the CEDS system are subject to uncertainties in underly-
ing activity data, such as IEA energy consumption data, as
well as activity drivers for process-level emissions. Knowl-
edge of accurate emission factors also drives inventory un-
certainty as EFs are not often available for all sectors in
countries with emerging economies and are heavily depen-
dent on the use, performance, and enforcement of control
technologies within each sector and country (e.g., Zhang et
al., 2009; Wang et al., 2015). While improvements in data
collection and reporting standards may decrease the uncer-
tainty in some underlying sources over time, the most recent
years of CEDSGBD-MAPS emissions are still subject to con-
siderable uncertainty. For instance, the degree of local and
national compliance with control measures is often variable
or unknown (e.g., Wang et al., 2015; Zheng et al., 2018); re-
cent activity and regional emissions data are often updated as
new information becomes available; and emissions in gener-
ally more uncertain regions, including India and Africa, are
becoming an increasingly large fraction of global totals. Ad-
ditionally, from a methodological standpoint, default CEDS
emissions after 2010 also currently rely on the projection of
emission factors from the GAINS EMF30 data release for
sectors and countries where contemporary regional scaling
inventories are not available.

As the CEDS system uses a “mosaic” approach and in-
corporates information from other global- and national-level
inventories, the final CEDSGBD-MAPS emissions will also be
subject to the same sources and levels of uncertainty as these
external inventories. For example, as discussed in Sect. 2.1,
default process-level emissions in CEDSGBD-MAPS are de-
rived using emissions from the EDGAR v4.3.2 inventory,
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with many countries additionally scaled to this inventory dur-
ing Step 2. As reported and discussed in Crippa et al. (2018),
EDGAR v4.3.2 emissions for 2012 at the regional level are
estimated to have the smallest uncertainties for SO2, be-
tween 14.4 % and 47.6 %, with uncertainties in NOx between
17.2 % and 69.4 % (up to 124 % for Brazil), CO between
25.9 % and 123 % (lower for industrialized countries), and
NMVOCs between 32.7 % and 148 % (lower for industrial-
ized countries). Emissions of NH3 are highly uncertain in all
inventories (186 % to 294 % in EDGAR) due to uncertainties
in the reporting of agricultural statistics and emission fac-
tors that will depend on individual farming practices, biolog-
ical processes, and environmental conditions (e.g., Paulot et
al., 2014). As noted in Crippa et al. (2018) and Klimont et
al. (2017), EDGAR v4.3.2 and GAINS uncertainty estimates
for BC and OC fall within the factor of 2 range that has
been previously estimated by the seminal work of Bond et
al. (2004). While CEDSGBD-MAPS emissions are not scaled to
EDGAR v4.3.2 BC and OC emissions, estimates are derived
from similar sources and are therefore expected to be con-
sistent with uncertainties in both EDGAR and other global
bottom-up inventories. It should also be noted that these re-
ported uncertainty estimates from EDGAR only reflect the
uncertainties associated with the emission estimation process
and do not account for the potential of missing emissions
sources or super-emitters within a given sector (Crippa et al.,
2018).

To evaluate and improve the accuracy of these bottom-up
emission estimates, inventories are increasingly using infor-
mation from high-resolution satellite retrievals, particularly
for major cities, large-area sources, natural sources, and large
point sources (e.g., M. Li et al., 2017a; McLinden et al.,
2016; Streets et al., 2013; van der Werf et al., 2017; Beirle
et al., 2011; McLinden et al., 2012; Lamsal et al., 2011;
Zheng et al., 2019; Elguindi et al., 2020). For example, both
the CEDSHoesly and CEDSGBD-MAPS inventories incorporate
SO2 emission estimates derived using satellite retrievals in
McLinden et al. (2016) to account for previously missing
SO2 point sources in the CEDS 1B2_Fugitive-petr-and-gas
sector (described further in the supplement of Hoesly et al.,
2018), with additional use of satellite data planned for a fu-
ture CEDS core release. With the continued advancement of
satellite retrievals, the development of source- and sector-
specific inventories, such as CEDSGBD-MAPS, will continue
to provide new opportunities for the application of new
satellite-based inventories, which will aid in the quantifica-
tion of spatial and temporal emissions from distinct sources
associated with specific sectors and fuel types that may not
be accurately estimated using conventional bottom-up ap-
proaches.

4.2.3 Uncertainties in regional-level scaling inventories

Similar to the CEDSHoesly inventory, the CEDSGBD-MAPS
emissions will also reflect the uncertainties associated with

the inventories used for the scaling procedure. The invento-
ries with the largest impact on the CEDSGBD-MAPS emission
uncertainties relative to the CEDSHoesly inventory will be
those from China from Zheng et al. (2018), the DICE-Africa
emission inventory from Marais and Wiedinmyer (2016), and
the SMoG-India inventory from Venkataraman et al. (2018).
While formal uncertainty analyses were not performed for
all of these inventories, similar bottom-up methods used in
these studies will result in similar sources of uncertainties
(activity and emission factors) as the global inventories. For
example, Zheng et al. (2018) state that the largest sources of
uncertainty are the accuracy and availability of underlying
data (reviewed in M. Li et al., 2017b) and that the levels of
uncertainty for China emissions between 2010 and 2017 are
expected to be similar to previous national-level bottom-up
inventories derived using similar data sources and methodol-
ogy, such as Zhao et al. (2011), Lu et al. (2011), and Zhang
et al. (2009). Similar to global inventories, these previous re-
gional studies estimate much lower levels of uncertainty for
SO2 and NOx (±16 % and −13 % to +37 %, respectively)
than for CO (70 %) and OC and BC emissions (−43 % to
+258 % and −43 % to +208 %, respectively). Some sectors
in China and other regions are particularly uncertain, as dis-
cussed further below.

Regional and national inventories, however, have the
added benefit of using local knowledge to reduce poten-
tial uncertainties in emission factors and missing emission
sources. For example, Marais and Wiedinmyer (2016) note
that the DICE-Africa emissions are uncertain due to gaps
in fuel consumption data. This inventory, however, also in-
cludes sources frequently missing in global inventories such
as widespread diesel and petrol generator use, kerosene use,
and ad hoc oil refining and have used emission factors for
on-road car and natural-gas flaring that are more represen-
tative of the inefficient fuel combustion conditions in Africa
(Marais and Wiedinmyer, 2016; Marais et al., 2019). As dis-
cussed in Sect. 2, the CEDSGBD-MAPS inventory may still un-
derestimate total emissions from some of these sources (up
to 11 % in 2013; Sect. 2.2.3) but otherwise will have un-
certainties for total Africa emissions similar to the DICE-
Africa inventory. For emissions in India, uncertainties also
arise from missing fuel consumption data and the applica-
tion of non-local or uncertain emission factors. Venkatara-
man et al. (2018), however, is one of the few studies to
present a detailed uncertainty analysis of their inventory and
use the propagation of source-specific activity data and emis-
sion factors to estimate that total emission uncertainties are
smaller for SO2 (−20 % to 24 %) than for NOx (−65 % to
125 %) and NMVOCs (−44 % to +66 %). While uncertain-
ties are not explicitly reported for OC and BC emissions,
Fig. 1 in Venkataraman et al. (2018) indicates that uncer-
tainties in these emissions are between −60 % and +95 %,
consistent with BC and OC uncertainties reported in other
bottom-up inventories. We also note the ongoing work to im-
prove the accuracy of highly uncertain emission sectors in a
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future release of the SMoG-India inventory through the Car-
bOnaceous AerosoL Emissions, Source apportionment and
ClimatE impacts (COALESCE) project (Venkataraman et al.,
2020).

In addition to uncertainties in the scaling inven-
tory emissions, uncertainties are also introduced by the
CEDSGBD-MAPS scaling procedure. Uncertainties arise when
mapping sectoral- and fuel-specific (when available) emis-
sions between inventories (as discussed previously) as well
as in the application of the calculated scaling factors outside
the range of available scaling inventory years. For example,
the implied CO EFs in Fig. S2 highlight one case in China
where the EFs for oil and gas combustion in the on-road
transport sector peak in 1999 at a value over 3 times larger
than EFs in all other top-emitting countries. For China specif-
ically, the calculated scaling factors for the year 2010 (earli-
est scaling inventory year) are applied to emissions from all
years prior, which was calculated as a value of ∼ 1.58 for
the on-road transport sector. The implied EF of ∼ 1.8 g g−1

for this sector in 2003 (Fig. S2) suggests that the SF from
2010 may not be representative of emissions during this ear-
lier time period. We do note, however, that the 1999 peak
in total CO emissions in China (Fig. S9) is driven by the
IEA energy data and is consistent with the CEDSHoesly in-
ventory (Hoesly et al., 2018). In contrast, EFs from this sec-
tor in China after the year 2010 agree with the magnitude
and trends found in other countries, further indicating that
the scaling factors are most appropriate for years with over-
lapping inventory data. Other similar examples include coal
energy emissions of SO2 in Thailand (Fig. S2). In this case,
the REAS scaling inventory spans the years 2000–2008. The
default EFs for the energy sector, however, independently de-
crease between 1997 and 2001. As a result, when the im-
plied EF of 3.3 for the year 2000 is applied to all histori-
cal energy emissions, the implied EFs prior to 1997 become
an order of magnitude larger than those in nearly all other
top-emitting countries (Fig. S2). Overall, the applicability of
the scaling factors to emissions in years outside the available
scaling inventory years remains uncertain due to real histor-
ical changes in activity, fuel-use, and emissions mitigation
strategies. These uncertainties, however, vary by compound
and sector as, for example, there are no similar peaks in on-
road emissions for compounds other than CO in China.

Though the inclusion of these regional inventories can im-
prove the accuracy of the global CEDS system (particularly
during years with overlapping data), Hoesly et al. (2018) note
that large uncertainties may still persist, even in developed
countries with stringent reporting standards. In the US for
example, it has been suggested that compared to the US Na-
tional Emissions Inventory (US NEI), total NOx emissions
from on-road and industrial sources in some regions may be
overestimated by up to a factor of 2 (e.g., Travis et al., 2016).
In addition, NH3 emissions in agricultural regions in winter
may be underestimated by a factor of 1.6 to 4.4 (Moravek et
al., 2019), and national and regional emissions of NMVOCs

from oil and gas extraction regions, solvents, and the use of
personal care products may also be underestimated by up to
a factor of 2 (McDonald et al., 2018; Ahmadov et al., 2015).

4.2.4 Uncertainties in sectoral and fuel contributions

Emissions reported as a function of individual source sectors
are typically considered to have higher levels of uncertainty
than those reported as country totals due to the cancelation
of compounding errors (Schöpp et al., 2005). Source sectors
with the largest levels of uncertainty in CEDSGBD-MAPS esti-
mates are generally consistent with other inventories, which
include waste burning, residential emissions, and agricul-
tural processes (Hoesly et al., 2018). This higher level of
sectoral uncertainty is reflected in the relatively larger un-
certainties discussed above in global emissions of OC, BC,
and NH3 relative to other gas-phase species. In general, un-
certainties from these sources are larger due to the difficulty
in accurately tracking energy consumption statistics and un-
certainties in the variability in source-specific emission fac-
tors, which will depend on local operational and environ-
mental conditions. For example, residential emission fac-
tors from heating and cooking vary depending on technol-
ogy used and operational conditions (e.g., Venkataraman et
al., 2018; Carter et al., 2014; Jayarathne et al., 2018), while
soil NOx emissions and NH3 from wastewater and agricul-
ture result from biological processes that depend on local
practices and environmental conditions (e.g., Chen et al.,
2012; Paulot et al., 2014). While uncertainties are not always
reported at the sectoral level, Venkataraman et al. (2018)
do report that industry emissions of NOx and NMVOCs in
the SMoG-India inventory actually have larger uncertainties
than those from the transportation, agriculture, and residen-
tial (NMVOCs only) sectors, while the relative uncertainties
for SO2 emissions follow the opposite trend. For emissions of
total fine particulate matter, Venkataraman et al. (2018) esti-
mate that the sectors with the largest uncertainties are the res-
idential and industry emissions. Similarly, Lei et al. (2011)
estimate that BC and OC emissions from the residential sec-
tor in China have the largest inventory uncertainties, while
Zhang et al. (2009) and Zheng et al. (2018) also report rel-
atively smaller uncertainties from power plants and heavy
industry in China due to known activity data, local emis-
sion factors, pollution control technologies, and direct emis-
sions monitoring. Overall, the mosaic scaling procedure in
the CEDS system will result in similar levels of uncertainties
as these regional scaling inventories.

With the release of fuel-specific information in the
CEDSGBD-MAPS inventory, additional uncertainty in the al-
location of fuel types is expected. In this work, activity
data at the detailed sector and fuel level are taken from
the IEA World Energy statistics (IEA, 2019) and are sub-
ject to the same sources of uncertainty. Emission factors for
CEDS working sectors and fuels (Table S2) are derived from
GAINS. In general, emissions from solid biofuel combus-
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tion are considered to be less certain than fossil fuel con-
sumption due to large uncertainties in both fuel consumption
and EFs, particularly in the residential and commercial sec-
tors. For example, by combining information from EDGAR
v4.3.2 (Crippa et al., 2018) and a recent TNO-RWC (Nether-
land Organization for Applied Scientific Research, Residen-
tial Wood Combustion) inventory from Denier van der Gon
et al. (2015), Crippa et al. (2019) estimated that uncertainties
in emissions from wood combustion in the residential sector
in Europe are between 200 % and 300 % for OC, BC, and
NH3. Crippa et al. (2019) also report that these uncertainties
are largely driven by uncertainties in regional emission fac-
tors as uncertainties in biofuel consumption are estimated to
be between 38.9 % and 59.5 %. These uncertainties, however,
are still larger than those estimated for fossil fuel consump-
tion in many countries. As noted in Hoesly et al. (2018), in-
creased levels of uncertainty in fossil fuel emissions are also
expected in some countries, including the consumption and
emission factors related to coal combustion in China (e.g.,
Liu et al., 2015; Guan et al., 2012; Hong et al., 2017), which
will have the largest impacts on CEDSGBD-MAPS emissions
of NOx , SO2, and BC. Specific to the CEDSGBD-MAPS fuel
inventory, additional uncertainties may arise from the poten-
tial underestimation of total coal, oil and gas, and biofuel
emissions associated with fugitive emissions and gas flaring
in the energy sector as well as waste incineration in the waste
sector. As discussed above and in Hoesly et al. (2018), fugi-
tive emissions are highly uncertain. The degree of underes-
timation in combustion fuel contributions will be dependent
on the fractional contribution of process-level emissions in
these sectors relative to those from coal, biofuel, and oil and
gas combustion (Table S8). Additional uncertainties in the
gridded fuel-specific products are discussed in the following
section.

4.2.5 Uncertainties and limitations in gridded emission
fluxes

As noted in Sect. 2.1, global gridded CEDSGBD-MAPS emis-
sion fluxes are provided to facilitate their use in earth system
models. Relative to the reported country-total emission files,
additional uncertainties are introduced in the 0.5◦× 0.5◦

global gridded CEDSGBD-MAPS emission fluxes through the
use of source-specific spatial gridding proxies in CEDS Step
5. Historical spatial distributions within each country are
largely based on normalized gridded emissions from the
EDGAR v4.3.2 inventory. These spatial proxies are held con-
stant after 2012, which serves to increase the uncertainties in
spatial allocation in large countries in recent years. The mag-
nitude of this uncertainty will depend on the specific com-
pound and sector. For example, gridded emissions from the
energy sector will not reflect the closure or fuel-switching of
individual coal-fired power stations after 2012. Changes in
total country-level emissions from this sector and fuel type,
however, will be accurately reflected in the total country-

level emission files. This source of uncertainty is also present
in the CEDSHoesly inventory. An additional source of uncer-
tainty in the gridded emissions is that the same spatial al-
locations are applied uniformly across emissions of all fuel
types within each source sector. This may lead to additional
uncertainties if, for example, emissions from the use of coal,
biofuel, oil and gas, and remaining sources within each sec-
tor are spatially distinct. These uncertainties, however, do not
impact the final country-level CEDSGBD-MAPS products be-
cause they are not gridded.

Lastly, while CEDSGBD-MAPS emissions provide a global
inventory of key atmospheric pollutants, this inventory does
not include a complete set of sources or species required
for GCM or CTM simulations of atmospheric chemical
processes. As noted in Sect. 2, neither CEDSHoesly nor
CEDSGBD-MAPS estimates include emissions from large or
small open fires, which must be supplemented with ad-
ditional open-burning inventories, such as the Global Fire
Emissions Database (GFED, 2019; van der Werf et al., 2017)
or Fire INventory from NCAR (FINN, 2018; Wiedinmyer et
al., 2011). In addition, simulations of atmospheric chemistry
require emissions from biogenic sources, typically supplied
from inventories, such as the Model of Emissions of Gases
and Aerosols from Nature (MEGAN, 2019; Guenther et al.,
2012). Other sources to consider in atmospheric simulations
include volcanic emissions, sea spray, and windblown dust.
In addition, the CEDS system does not include dust emis-
sions from windblown and anthropogenic sources such as
roads, combustion, or industrial process. Anthropogenic dust
sources may contribute up to ∼ 10 % of total fine-dust emis-
sions in recent years and are important to consider when sim-
ulating concentrations of total atmospheric particulate matter
(Philip et al., 2017). Lastly, the CEDSGBD-MAPS inventory
also excludes emissions of greenhouse gases such as methane
and carbon dioxide (CH4, CO2). These compounds were pre-
viously included through 2014 in the CEDSHoesly inventory.

5 Data availability

The source code for the CEDSGBD-MAPS system is
available on GitHub (https://github.com/emcduffie/
CEDS/tree/CEDS_GBD-MAPS, last access: 1 Decem-
ber 2020, and https://doi.org/10.5281/zenodo.3865670;
McDuffie et al., 2020a). To run the CEDS system,
users are required to first purchase the proprietary en-
ergy consumption data from the IEA (World Energy
Statistics; https://www.iea.org/subscribe-to-data-services/
world-energy-balances-and-statistics, last access: 1 Decem-
ber 2020). The IEA is updated annually and provides the
most comprehensive global energy statistics available to
date. All additional input data are available in the CEDS
GitHub repository.

Final products from the CEDSGBD-MAPS system in-
clude total annual emissions for each country as well as
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monthly global gridded (0.5◦× 0.5◦) emission fluxes for
the years 1970–2017. Both products are available on Zen-
odo (https://doi.org/10.5281/zenodo.3754964; McDuffie et
al., 2020c) and report total emissions and gridded fluxes as
a function of 11 final source sectors and four fuel categories
(total coal, solid biofuel, oil + gas, process). Time series of
annual country-total emissions from 1970–2017 are provided
in units of kt yr−1 and provide NOx emissions as NO2. These
data do not speciate total NMVOCs into sub-VOC classes. In
these .csv files, total anthropogenic emissions for each coun-
try are calculated as the sum of all sectors and fuel types
within each country. For the global gridded products, emis-
sion fluxes of each compound as a function of 11 sectors
and four fuel types are available for each year in individ-
ual netCDF files. These data are in units of kg m−2 s−1 and
provide NOx emissions as NO. Total NMVOCs are speci-
ated into 25 sub-VOC classes as described in Sect. 2. For
consistency with the CEDS data released for CMIP6 (CEDS,
2017a, b), gridded anthropogenic fluxes for 1970–2017 are
additionally available in the CMIP6 format. Note that NOx

is in units of NO2 in this format. Additional file format
details are in the README.txt file in the Zenodo repos-
itory (https://doi.org/10.5281/zenodo.3754964, McDuffie et
al., 2020c).

To provide an example of the products and file for-
mats available for download from the full CEDSGBD-MAPS
repository, we have also prepared an additional data “snap-
shot” inventory that provides emissions in all three file for-
mats described above for the 2014–2015 time period (Mc-
Duffie et al., 2020b). The gridded data are provided as
monthly averages for the December 2014–February 2015
time period, while the annual data include total emissions
from both 2014 and 2015. These data can be downloaded
from https://doi.org/10.5281/zenodo.3833935 (McDuffie et
al., 2020b) and are further described in the associated
README.txt file.

6 Summary and conclusions

We described the new CEDSGBD-MAPS global emission in-
ventory for key atmospheric reactive gases and carbonaceous
aerosol from 11 anthropogenic emission sectors and four fuel
types (total coal, solid biofuel, liquid-fuel and natural-gas
combustion, and remaining process-level emissions) over the
time period from 1970–2017. The CEDSGBD-MAPS inven-
tory was derived from an updated version of the Community
Emissions Data System, which incorporates updated activity
data for combustion- and process-level emission sources, up-
dated scaling inventories, the added scaling of BC and OC
emissions, and adjustments to the aggregation and gridding
procedures to enable the extension of emission estimates
to 2017 while retaining sectoral and fuel type information.
We incorporated new regional scaling inventories for India
and Africa; as a result default CEDSGBD-MAPS emissions

are now lower than previous CEDSHoesly estimates for all
compounds in these regions other than NMVOCs in Africa
and BC in India. These updates improve the agreement of
CEDSGBD-MAPS Africa emissions with those from EDGAR
v4.3.2 as well as the agreement of all India emissions other
than BC with both the EDGAR (2012) and GAINS (2010)
inventories. Scaling default BC and OC estimates reduces
these global emissions by up to 21 % and 28 %, respec-
tively, relative to the CEDSHoesly inventory. This reduction
improves CEDSGBD-MAPS agreement with both GAINS and
EDGAR global estimates of BC and OC, particularly in re-
cent years. The resulting CEDSGBD-MAPS inventory provides
the most contemporary global emission inventory to date for
these key atmospheric pollutants and is the first to provide
their global emissions as a function of both detailed source
sector and fuel type.

Global 2017 emissions from the CEDSGBD-MAPS inven-
tory suggest that coal and oil and gas combustion in both
the energy and industry sectors are the largest global sources
of SO2 emissions, while CO emissions are primarily from
on-road transportation and biofuel combustion in the resi-
dential sector. Global emissions of both compounds peak by
1990 and decrease until 2017 as a result of continuous re-
ductions in on-road transport emissions in Europe and North
America as well as reductions in coal combustion emissions
from the energy and industry sectors across these regions
and in China. In contrast, global NOx , BC, and OC emis-
sions peak later, between 2010 and 2012, but also decrease
until 2017 due to reductions in North America, Africa, and
China. Dominant sources of NOx in 2017 are from interna-
tional shipping, energy, industry, and on-road transportation
sectors. Major sources of BC emissions are from residential
biofuel combustion and on-road transportation, while dom-
inant OC sources are from the residential biofuel and the
waste sector. Outside of international shipping, China is the
largest regional source of global emissions of all compounds
other than NMVOCs. As emissions in North America, Eu-
rope, and China continue to decrease, global emissions of
NOx , CO, SO2, BC, and OC will increasingly reflect emis-
sions in rapidly growing regions such as Africa, India, and
countries throughout Asia, Latin America, and the Middle
East. Lastly, in contrast to other compounds, global emis-
sions of NMVOCs and NH3 continuously increase over the
entire time period. These increases are predominantly due to
increases in agricultural NH3 emissions in nearly all world
regions as well as NMVOCs from increased waste, energy
sector, and solvent use emissions. In 2017, global emissions
of these compounds had the largest regional contributions
from India, China, and countries throughout Africa, Asia,
and the Pacific.

Historical global emission trends in the CEDSGBD-MAPS
inventory are generally similar to those in three other global
inventories: CEDSHoesly, EDGAR v4.3.2, and ECLIPSE v5a
(GAINS). Relative to the CEDSHoesly inventory, however,
CEDSGBD-MAPS emissions diverge in recent years, particu-
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larly for NOx , CO, SO2, BC, and OC emissions. In addi-
tion to the use of updated underlying activity data in the
CEDSGBD-MAPS inventory, emissions of these compounds
were most impacted by the updated CEDS scaling invento-
ries, including those for China, India, and Africa. These same
updates also contribute to the different trends in global NOx ,
CO, and SO2 emissions after 2010 between CEDSGBD-MAPS
and the GAINS and EDGAR inventories. Global emissions
between 1970 and 2017 from the CEDSGBD-MAPS inven-
tory are generally smaller than the CEDSHoesly emissions
for all compounds other than NMVOCs and are consis-
tently higher than all emissions from EDGAR v4.3.2. Global
CEDSGBD-MAPS emissions are also larger than GAINS emis-
sions, except for BC and select years of SO2 emissions.

Due to similar bottom-up methodologies and the use
of EDGAR v4.3.2 data in the CEDS system, country-
level CEDSGBD-MAPS emissions are expected to have sim-
ilar sources and magnitudes of uncertainty as those in the
CEDSHoesly, EDGAR v4.3.2, GAINS, and scaling emission
inventories. These inventories consistently predict the small-
est uncertainties in emissions of SO2 and the largest for
emissions of NH3, OC, and BC. The latter three compounds
largely depend on accurate knowledge of activity data and
emission factors for small scattered sources that vary by loca-
tion, combustion technologies used, and environmental con-
ditions. Uncertainties in the sectoral and fuel allocations in
CEDSGBD-MAPS emissions will also generally follow the un-
certainties in the CEDS v2019-12-23 system and will largely
depend on the accuracy of the fuel allocations for combus-
tion sources in the underlying IEA activity data. Gridded
CEDSGBD-MAPS emissions also have uncertainties associated
with the accuracy of the normalized spatial emission distri-
butions from EDGAR v4.3.2, which are equally applied to
all four fuel categories and are held constant after 2012.

Contemporary global emission estimates with detailed
sector- and fuel-specific information are vital for quanti-
fying the anthropogenic sources of air pollution and miti-
gating the resulting impacts on human health, the environ-
ment, and society. While bottom-up methods can provide
sector-specific emission estimates, previous global inven-
tories of multiple compounds and sources have lagged in
time and do not provide fuel-specific emissions for multi-
ple compounds at the global scale. To address this commu-
nity need, the CEDSGBD-MAPS inventory utilizes the CEDS
system (v2019-12-23) to provide emissions of seven key
atmospheric pollutants with detailed sectoral and fuel type
information, extended to the year 2017. Due to the direct
and secondary contribution of these reactive gases and car-
bonaceous aerosol to ambient air pollution, contemporary
gridded and country-level emissions with both sector and
fuel type information can provide new insights necessary
to motivate and develop effective strategies for emission
reductions and air pollution mitigation around the world.
The CEDSGBD-MAPS source code is publicly available (https:
//github.com/emcduffie/CEDS/tree/CEDS_GBD-MAPS and

https://doi.org/10.5281/zenodo.3865670, McDuffie et al.,
2020a), and both country-total and global gridded emis-
sions from the 2020_v1 version of this dataset are
publicly available at Zenodo with the following DOI:
https://doi.org/10.5281/zenodo.3754964 (McDuffie et al.,
2020c).

Supplement. The supplement for this article describes a list
of known inventory issues at the time of submission as well
as a number of additional CEDSGBD-MAPS details, tables and
figures, and data sources, including the following: Boden et
al. (2016, 2017), BP (2015), Doxsey-Whitfield et al. (2015), EC-
JRC/PBL (2012, 2016), EIA (2019), IEA (2015), Klein Gold-
ewijk et al. (2011), Sharma et al. (2019), Stohl et al. (2015), The
World Bank (2016), UN (2014, 2015), Wiedinmyer et al. (2014),
Commoner et al. (2000), Reyna-Bensusan et al. (2018), Nag-
pure et al. (2015), Meidiana and Gamse (2010), and US EPA,
(2006). The supplement related to this article is available online
at: https://doi.org/10.5194/essd-12-3413-2020-supplement.
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Section S1. CEDS Update Details: CEDSv2019-12-23 relative to CEDSv2016-07-26 

CEDSv2019-12-23 (Hoesly et al., 2019) was the first full public CEDS release (https://github.com/JGCRI/CEDS) and 

is used as the core system version in this work. An earlier version, CEDSv2016-07-26 was used to produce the CEDS-

Hoesly inventory, as described in detail in Hoesly et al. (2018) and its supplement. Changes to the CEDS code between 

versions v2016-07-26 and v2019-12-23 are described in the CEDS System Release Notes on GitHub 

(https://github.com/JGCRI/CEDS/wiki/ Release-Notes). These updates include structural changes as well as 

improvements in the emissions data. The most significant improvements, which are also carried through to the 

CEDSGBD-MAPS inventory include:  

• Updated residential waste burning estimates 

• Fixed an error in 1960s USA SO2 emissions and several other issues. 

These updates are described in further detail in the following sections. A graphical summary of the differences between 

versions v2016-07-26 (CEDSHoesly) and v2019-12-23 is available at the CEDS repository 

(https://github.com/JGCRI/CEDS/ at the link “Graphs of emission differences”). Additional updates are described in 

the CEDS System Release Notes (https://github.com/JGCRI/CEDS/wiki/Release-Notes) and the git log of the 

CEDSGBD-MAPS system, available for download at https://github.com/emcduffie/CEDS/tree/CEDS_GBD-MAPS. 

S1.1 Residential waste burning  

Updates to emissions from residential open waste burning reduces emissions of all air pollutant species, particularly 

BC and OC emissions in lower income countries. The major change is a reduction in the assumed amount of 

uncollected waste that is burnt. The previous CEDS estimate was based on the 2010 value from Wiedinmyer et al. 

(2014) who assumed that 60% of uncollected solid waste was combusted. We conducted a literature survey, 

summarized below, to provide more insight into this value. We note that, for the purpose of emission estimation, the 

parameter we wish to know is the fraction of waste by weight that is combusted. This will be smaller than the fraction 

of waste that is disposed of through burning, since a significant portion of waste can be inert (e.g., ash, glass, and 

metals). 

Reyna-Bensusan et al. (2018) examined waste disposal by surveying a “representative community” in 

Mexico about waste generation rates and disposal practices (Huejutla de Reyes Municipality). The Municipality has 

areas ranging from rural to urban and peri-urban in character. They found that in rural areas with limited access to 

municipal waste collection (69% had access only to a once-a-month service), 36% of household waste by weight was 

combusted. Commoner et al. (2000) additionally found in a survey in the Mexico state of Morelos that 14% of 

household waste was combusted in backyard burning, which corresponded to 52% of uncollected household waste, 

although only waste practices were surveyed, and waste generation rates were taken from national statistics. This is 

likely to overestimate the total amount of waste burnt since rural households generate half the waste per capita as 

compared to urban households (Reyna-Bensusan et al., 2018). 
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Nagpure et al. (2015) examined waste disposal using a more direct field methodology in three neighborhoods 

in Delhi India. The neighborhood with the lowest socio-economic status, where “field observation showed very sparse 

waste management facilities” had the highest rate of waste burning of ∼24% of the total generated.  

For Indonesia, Meidiana and Gamse (2010) report on government statistics that imply that only 15% of 

uncollected waste was burnt in 2006, while 70% was burnt in 2001. It is not clear if this difference is a true difference 

in burning rate, or different statistical methodologies. 

Data is not necessary more available in higher income countries. In the United States residential waste has 

long been disposed by burning in barrels (“barrel burning”), particularly in rural areas. However, “The amount of 

refuse that is combusted annually in the United States in residential backyard burn barrels is largely unknown (US 

EPA, 2006).” This same report identified seven literature sources of survey data largely developed “to estimate the 

barrel-burning activity in a specific state, county, or region.” The “prevalence of barrel burning within the rural 

population [was found] to range from 12 to 40%”. The EPA ultimately assumed that from 40% (1995 and 1987) to 

28% (2000) of the rural population burned household refuse, the decrease reflecting a larger number of jurisdictions 

banning refuse burning in 2000 as compared to earlier years. EPA further assumed that 63% of the household refuse 

(not including yard waste) was combusted. The confidence of these estimates is rated as low. Multiplying burning 

prevalence by the fraction of waste burnt results in overall waste burnt fractions of 25% (1995 and 1987) and 18% 

(2000) for rural populations. 

Overall, the fraction of residential waste that is combusted is uncertain and is likely to vary spatially and over 

time. For the current estimate, informed by the literature discussed above, we assume that 30% of uncollected waste 

is bunt, which is half the value assumed by Wiedinmyer et al. (2014), with a correspondingly lower emissions level. 

With one exception the per-capita waste generation rates from Wiedinmyer et al. (2014) have been retained. 

For India, however, we use the value from Sharma et al. (2019), which is twice the value in Wiedinmyer et al. (2014), 

leaving estimates from India largely unchanged. 

S1.2 Other Changes  

An error in US SO2 emissions over the 1960s caused an incorrect step-increase in emissions in 1960 in CEDSv2016-

07-26. This update will not be carried through to CEDSGBD-MAPS as these emissions are reported from 1970 onward. 

An error that caused a spike in BC emissions in the Netherlands was also corrected and the consistency of Korea BC 

and OC emissions with the Korea national inventory was improved. These issues and their fixes are further described 

in the issues section of the CEDS GitHub repository. There are also small differences in the CEDSv2016-07-26 and 

CEDSv2019-12-23 emissions in the US after 2011, particularly NH3, due to scaling to more recent EPA Trends data. 

Note also that the monthly seasonality profile for the gridded industrial sector emissions was removed in CEDSv2019-

12-23. While there is likely some seasonality in emissions in this sector, seasonality in the CEDSv2016-07-26 data 

was judged to be too large. 
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Section S2. CEDS Update Details: CEDSGBD-MAPS relative to CEDSv2019-12-23 

Section 2 in the Main Text describes updates to the CEDSv2019-12-23 code that are used to derive the new 1970 – 

2017 CEDSGBD-MAPS inventory. Sections S2.1 – S2.5 below provide additional details regarding these updates. The 

CEDSGBD-MAPS source code is available at: https://github.com/emcduffie/CEDS/tree/CEDS_GBD-MAPS. 

S2.1 Activity Data Updates – Additional Details 

For the CEDSGBD-MAPS system, we have updated the inputs for activity data for both types of CEDS source categories 

(combustion and process) in order to enable the extension of the CEDSGBD-MAPS inventory out to the year 2017. We 

note that the distinction between CEDS combustion and process category sources is reflective of both the emission 

sector definition and CEDS methodology. For example, the 1A1bc_Other_transformation sector includes emissions 

from fuel combustion, but is treated as a process sector in CEDS due to the complexity of its processes, which include 

emissions from coal coke production, oil refining, and charcoal production (Hoesly et al., 2018). Other similar process 

sectors include emissions from the 5C_waste-incineration and 1B1_Fugitive-petr-and-gas sectors. Unlike CEDS 

combustion source categories, emissions from all process sectors are assigned to a single ‘process’ fuel-type, which 

may misallocate total emissions from biofuel, coal, and liquid oil and gas combustion to the process source category 

in the final fuel-specific CEDSGBD-MAPS products, as discussed in Sect. 4.2. 

S2.1.1 Combustion Sources 

For CEDSGBD-MAPS combustion category sources, activity data are primarily from energy consumption data, which 

have been updated to use the 2019 release of the World Energy Statistics from the International Energy Agency (IEA, 

2019) for 40 OECD and 114 non-OECD countries and regions. For a small number of countries in Africa, Asia, and 

the Americas, data are only reported by the IEA at an aggregate region-level and are further disaggregated into their 

individual countries using historical CO2 emissions data, as described in Hoesly et al. (2018). Historical national-level 

CO2 emissions have been updated here to the most recent release from the Carbon Dioxide Information Analysis 

Center (CDIAC), which includes data from 1750 to 2014 (Boden et al., 2017). As IEA energy consumption data are 

provided at finer sectoral and fuel-type resolution than CEDS working sectors and fuels, CEDS Step 1 maps the IEA 

data to 52 working CEDS sectors and nine working fuel-types. Table S1 provides an example of the mapping between 

IEA fuels and CEDS working fuel types. Following the CEDSv2019-12-23 procedures, IEA data for residential 

biofuel consumption from the U.S. are replaced with renewable energy consumption data from the U.S. Energy 

Information Administration (EIA, 2019), which have been updated here to include the period from 1970 – 2017. In 

addition, CEDSGBD-MAPS no longer applies corrections to the IEA data for coal consumption from China, which were 

previously used in the CEDSv2019-12-23 system. There is, however, a known issue in the updated IEA data from 

China that is listed in Sect. S4 below. As described in Hoesly et al. (2018), the CEDSv2019-12-23 system additionally 

used coal, oil, and gas consumption data from the BP Energy Statistics product (BP, 2015) to extend available IEA 

data (IEA, 2015) out to the year 2014. Complete IEA data for the year 2017 are available in this work (IEA, 2019), 

therefore BP energy statistics are no longer used to extend emission estimates, but have been updated (BP, 2019) here 

as they are also used to estimate emissions from fossil fuel flaring. 
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Table S1. CEDS fuel-type definitions. CEDSGBD-MAPS fuel types, CEDS working fuel-type definitions, and IEA fuel-types 

CEDS Fuels    

Coal  Liquid Fuel + Natural Gas  

 Brown coal  Heavy Oil 

 Brown coal (if no detail)  Oil shale and oil sands 

 Lignite  Crude/NGL/feedstocks 

 Peat  Crude oil 

 Peat products  Fuel oil 

 Coal Coke  Bitumen 

 Coke oven coke  Paraffin waxes 

 Hard coal  Petroleum coke 

 Hard coal (if no detail)  Other oil products 

 Anthracite  Diesel Oil 

 Coking coal  Gas/diesel oil excl. biofuels 

 Other bituminous coal  Lubricants 

 Sub-bituminous coal  Biodiesels 

 Patent fuel  Light Oil 

 Gas coke  Refinery stocks 

 Coal tar  Additives/blending components 

 BKB  Other hydrocarbons 

Biofuel   Ethane 

 Biofuel  Liquefied petroleum gases (LPG) 

 Industrial waste  Motor gasoline excl. biofuels 

 Municipal waste (renewable)  Aviation gasoline 

 Municipal waste (non-renewable)  Gasoline type jet fuel 

 Primary solid biofuels  Kerosene type jet fuel excl. biofuels 

 Non-specified primary biofuels/waste  Other kerosene 

 Charcoal  Naptha 

Process   White spirit & SBP 

 Process   Biogasoline 

   Other liquid biofuels 

   Bio jet kerosene 

   Natural Gas 

   Natural gas liquids 

   Gas works gas 

   Coke oven gas 

   Blast furnace gas 

   Other recovered gases 

   Natural gas 

   Refinery gas 

   Biogases 
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S2.1.2 Process Sources 

For CEDSGBD-MAPS process category sources, activity drivers are primarily from the UN World Population and World 

Urbanization Prospects, which are updated here to extend to 2017 (UN, 2019, 2018). These data are used as activity 

drivers for all CEDS process sources except for 5C_waste-incineration, 1B2_Fugitive-pert-and-gas, and 

1B2d_Fugitive-other-energy. As described in Hoesly et al. (2018), pulp and paper consumption data (FAOSTAT, 

2015) are used for default emission estimates of waste incineration (held constant here after 2014), while the latter 

two sectors now use a composite product that is derived from updated 2019 IEA energy statistics. World Bank data 

were not updated in this work (last year 2014) relative to CEDSv2019-12-23 since these data are only used to 

supplement population data for Kosovo. Table S2 summarizes the activity driver dataset updates that are used in 

CEDSGBD-MAPS relative to CEDSv2019-12-23. The Supplemental Information of Hoesly et al. (2018) provides a 

complete list of all additional CEDS input datasets, which have not been updated in this work.  

 

Table S2. Comparison of activity driver datasets that are updated between CEDSv2019-12-23 and CEDSGBD-MAPS systems. 

For a complete list of CEDS activity drivers, see Hoesly et al. (2018).  

CEDS Emission 

Source Category Hoesly et al. (2018) CEDSGBD-MAPS 

Fuel combustion (IEA, 2015)  

(BP, 2015) 

EIA, 2(The World Bank, 2016;UN, 2014, 

2015;Wiedinmyer et al., 2014)015 (biofuel from US) 

(Boden et al., 2016) 

(IEA, 2019) 

(BP, 2019) (flaring estimates only) 

(EIA, 2019) (biofuel from US) 

(Boden et al., 2017) 

Process (UN, 2014, 2015) 

(The World Bank, 2016) 

(FAOSTAT, 2015) 

(UN, 2019, 2018) 

(The World Bank, 2016) 

(FAOSTAT, 2015) 

 

S2.2. Emission Factors & Inventory Input Updates – Additional Details 

S2.2.1 Combustion Sources 

The datasets used to calculate default emission factors (EF) for combustion sources in the CEDSGBD-MAPS system are 

largely unchanged relative to those in CEDSv2019-12-23 (see Table 2 in Hoesly et al. (2018) for a complete list). For 

reactive gases, combustion EFs are primarily estimated using information from the GAINS model (as released for the 

Energy Modeling Forum 30 (EMF30) project (Klimont et al., 2017;Stohl et al., 2015)), SPEW for BC and OC (Bond 

et al., 2007), and the U.S. 2011 NEI for NH3. As described in Hoesly et al. (2018), EF calculations take into account 

historical changes in emission abatement strategies, while some EFs for SO2 are also calculated explicitly using fuel 

sulfur content, ash retention, and country-specific percent controls (NEI, 2013). EF and emission calculations do not 

include information about the vertical distribution of emissions. For countries with missing contemporary sectoral or 

fuel-type information, EFs are extended forward to 2017 using trends from GAINS projections. The minimum 

allowable EFs for road transportation have also been extended to 2017, which ensures the use of realistic EFs from 

this sector in recent years for countries with missing data. 

S2.2.2 Process Sources 
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For non-combustion sectors, EFs in CEDSGBD-MAPS Step 1 are estimated using existing emission inventories and 

calculated activity drivers, as described previously in Sect. 2.1. These emission estimates are primarily from the global 

EDGAR inventory, which has been updated in this work to use a more recent release of EDGAR (v4.3.2; EC-JRC, 

2018;Crippa et al., 2018). For emissions of waste combustion, all versions of the CEDS system use country-specific 

EFs for 2010 from Wiedinmyer et al. (2014), along with estimates of the total mass. As described in Sect. S1.1 above, 

relative to CEDSv2016-07-26, assumptions for the fraction of waste burnt have been updated in both CEDSv2019-

12-23 and CEDSGBD-MAPS, along with estimates for the amount of waste generated per-capita in India (Sharma et al., 

2019). Additional details on these updates can be found in the core CEDS system release notes 

(https://github.com/JGCRI/CEDS/wiki/Release-Notes). Similar to combustion sources, missing EFs are also extended 

forward and backwards in time to produce a complete time series for 1970 - 2017. Table 2 in Hoesly et al. (2018) 

provides a complete list of all input datasets used to estimate default process source emissions. Other than those 

described here, all remaining datasets are unchanged in this work relative to CEDSv2019-12-23. Despite uncertainties 

in contemporary EFs and default emission estimates for both source categories, many of these values are later scaled 

to match contemporary regional and national-level inventories (see Sect. 2.2). 

S2.3 Default CEDS Emissions Scaling Procedure Updates – Additional Details 

S2.3.1 Scaling Mapping Files & Misc. Details  

The first step of the scaling procedure is to aggregate emissions from common sectors and fuel-types into “scaling 

sectors” and “scaling fuel” groups (when fuel-specific emissions are available) for each scaling inventory. This is 

necessary as there are often differences in the availability and definitions of emission from source sectors and fuel-

types between CEDS and the scaling inventories. Total default CEDS emissions within these aggregate groups are 

then scaled to the corresponding emissions in each scaling inventory, using the scaling factors calculated from Eq. (2) 

in the main text. All mapping files can be found at: https://github.com/emcduffie/CEDS/tree/CEDS_GBD-

MAPS/input/mappings/scaling, with specific examples described below.  

The first column in each mapping file provides the sectoral names from the scaling inventory. When 

emissions are reported as a function of fuel type, the second column lists the fuel-types reported for each emission 

sector in the scaling inventory. When applicable, column three defines the aggregate scaling fuel groups. Column four 

defines the aggregate scaling sector groups. Columns five and six list the CEDS working sectors and working fuels 

that correspond to these aggregate scaling groups. Table S3 provides an example scaling mapping file for the DICE-

Africa scaling inventory. Table S3 shows that the DICE-Africa inventory reports combined emissions from gas 

(petrol) and diesel use in cars and motorcycles. The CEDS system does not differentiate between different types of 

on-road sources and therefore, DICE-Africa emissions from both cars and motorcycles are mapped to the common 

‘road_transport’ scaling sector, which corresponds to the CEDS 1A3b_Road sector. Similarly, the DICE-Africa 

inventory does not distinguish between emissions from gas and diesel fuel, therefore total CEDS road emissions from 

light_oil and diesel_oil combustion in the road sector are scaled to the total DICE-Africa emissions reported for cars 

and motorcycles. Example scaling factors for select years and countries in Africa, as a function of scaling sector are 

provided in Table S4. Data are included for illustrative purposes only. Following original CEDS protocols, scaling 
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factors are limited to values between 0.01 and 100, with select inventories and sectors expanded to a range of 0.001 

and 1000, as described below in Section S2.3.2. As discussed in Hoesly et al. (2018), particularly small or large scaling 

factors may result for multiple reasons, including default CEDS estimates that are drastically different than regional 

emissions or imprecise mapping between CEDS and regional emission sectors. 

Table S3. Example scaling mapping file for DICE-Africa in CEDSGBD-MAPS system.  

DICE-Africa sector DICE-Africa fuel Scaling Fuel Scaling Sector CEDS Sector CEDS Fuel 

cars gas_diesel gas_diesel road_transport 1A3b_Road light_oil 

  gas_diesel road_transport 1A3b_Road diesel_oil 

motorcycles gas_diesel gas_diesel road_transport   

charcoal-use biomass biomass residential 1A4b_Residential biomass 

household-crop-residue-use biomass biomass residential   

household-fuelwood-use biomass biomass residential   

kerosene-use light_oil light_oil residential 1A4b_Residential light_oil 

other-fuelwood-usea biomass n/a n/a n/a n/a 

adhoc-oil-refininga process n/a n/a n/a n/a 

generator-usea gas_diesel n/a n/a n/a n/a 

charcoal-productiona biomass n/a n/a n/a n/a 

gas-flaresa process n/a n/a n/a n/a 
aSuggested additions, not replacements, see Sect. S2.3.2 

 

Table S4. Example BC scaling factors for select DICE-Africa countries and years.  

Country 

(ISO) 

Scaling 

Sector 

Scaling 

Fuel 

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 

ago residential biomass 0.332 0.338 0.344 0.350 0.355 0.361 0.367 0.373 0.373 0.373 

ago residential light oil 0.340 0.311 0.282 0.252 0.223 0.194 0.165 0.136 0.136 0.136 

ago road_ 

transport 

gas_ 

diesel 

0.307 0.293 0.278 0.264 0.250 0.235 0.221 0.207 0.207 0.207 

nam residential biomass 0.297 0.320 0.342 0.364 0.386 0.409 0.431 0.453 0.453 0.453 

nam residential light oil 44.71 44.72 44.72 44.72 44.73 44.73 44.73 44.74 44.74 44.74 

nam road_ 

transport 

gas_ 

diesel 

0.274 0.260 0.247 0.234 0.220 0.207 0.194 0.180 0.180 0.180 

 

Relative to CEDS v2019-12-23, minor adjustments have been made to other inventory scaling mapping files 

in order to better reflect the overlap between CEDSGBD-MAPS working sectors and the updated scaling inventories. One 

example is the adjustment of scaling factors for agricultural NOx emissions for the U.S. NEI and Canadian APEI 

inventories. In these national inventories, NOx emissions from soils are not reported (report NH3 emissions only). In 

CEDSv2019-12-23, NOx emissions from the sum of all agricultural working sectors (3B+3D+3E+3I; including soil 

emissions) are scaled to the total agricultural NOx emissions reported in these scaling inventories, resulting in scaled 

CEDS agricultural NOx emissions that are erroneously low. In this work, CEDSGBD-MAPS 3D_Soil-emissions from the 

US and Canada are no longer scaled to these inventories and default emission estimates are used for this working 

sector. These updated scaling mapping files can be found at:  https://github.com/emcduffie/CEDS/tree/CEDS_GBD-

MAPS/input/mappings/scaling. 

After the scaling procedure, CEDSGBD-MAPS emissions are then disaggregated back into the original 52 CEDS 

working sectors and 9 working fuel-types (Table 2, combustion source only) using the initial fractional contributions 

from each sector and fuel-type. This method allows CEDS to maintain detailed fuel and sectoral information while 

simultaneously scaling total country-level emissions to authoritative inventories. This process, however, often results 

in total CEDSGBD-MAPS emissions that are higher than the individual scaling inventories, depending on the amount of 
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overlap with each inventory. For example, Fig. (S1) shows that in China, total CEDSGBD-MAPS emissions for OC after 

2010 are larger than those in the national scaling inventory, reported by Zheng et al. (2018). This difference is largely 

due to the inclusion of the waste sector in CEDSGBD-MAPS, which is not reported in the Zheng et al. (2018) inventory. 

In contrast, other inventories report emissions from sources that are not included in CEDS, such as open burning on 

agricultural fields or road dust emissions. In these cases, these sectors are not included in the CEDS scaling procedure 

and are not included in the final CEDSGBD-MAPS inventory. In addition, sectors such as domestic shipping are not scaled 

and are always set to default CEDS estimates due to large uncertainties and differences in the definitions of these 

sectors in individual scaling inventories. To illustrate the outcome of the scaling procedure, implied emission factors 

for the top 15 emitting countries are additionally shown in Figure S2 for the select fuel-types and sectors that 

dominantly contribute to global emission of each compound. Various anomalies in the implied EFs can arise from 

multiple sources of uncertainty, including the underlying activity data or application of scaling factors outside the 

available scaling inventory years, as is the case with the on-road CO emission factor for China in 1999. These 

uncertainties are discussed further in Section 4.2 in the main text.  

 

 

Figure S1. Inventory comparison of annual OC emissions from China. Black line) total CEDSGBD-MAPS emissions, colored 

by sectoral contributions, dashed gray line) CEDSHoesly emissions, dashed blue line) EDGAR v4.3.2 emissions, red dots) 

ECLIPSE v5a (GAINS) inventory with 2015 and 2020 projections, green dots) scaling inventory from Zheng et al. (2018). 

This comparison does not include contributions from agricultural waste burning, shipping, or aviation emissions.  
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Figure S2. Time-series of implied (post-scaling) emission factors for select fuel and sector combinations that dominantly 

contribute to global emissions of each compounds. NOx, CO, and BC: oil & natural gas combustion in the on-road transport 

sector, SO2: coal combustion in the energy sector, NH3: agricultural emissions, NMVOCs: process-level energy sources, and 

OC: residential biofuel combustion. Time series are shown for the top 15 emitting countries, listed by their ISO codes to 

the right of each panel. Time series are colored by the region of each country. 
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S2.3.2 Africa Emissions Scaling 

As discussed in the main text, new scaling inventories are included in this work for emissions from India and Africa. 

For African countries, default CEDSGBD-MAPS emissions for residential and road sectors are scaled to the respective 

values in the DICE-Africa inventory (Marais and Wiedinmyer, 2016) for 2006 and 2013, as a function of diesel, light 

oil (Table S1), and biofuel use. For years between 2006 and 2013, scaling factors (SFs) from Eq. (2) in the main text 

are linearly interpolated within the CEDS system. These SFs are held constant before 2006 and after 2013. DICE-

Africa OC emissions from cars are additionally scaled by 0.14 prior to the CEDS scaling procedure in order to correct 

for a previous error in the DICE-Africa OC EFs (http://wiki.seas.harvard.edu/geos-chem/index.php/DICE-

Africa_anthropogenic_emissions_inventory#Scale_DICE-Africa_emissions_to_address_errors_in_inventory). 

Upper and lower bounds of scaling factor are additionally relaxed here to limits of 1000 and 0.001 (100 and 0.01 in 

CEDSv2019-12-23) to ensure better agreement between DICE-Africa and CEDSGBD-MAPS sectoral totals. In a small 

number of instances, calculated scaling factors are outside this range, which may reflect differences in sectoral 

definitions between the two inventories or real uncertainties in the magnitude of sectoral-level emissions in Africa. 

As also noted in the main text, DICE-Africa emission estimates from gas flares across Africa and ad-hoc oil 

refining in the Niger Delta are not included in the CEDSGBD-MAPS scaling procedure (Table S2). Total default CEDSGBD-

MAPS emissions in Africa for each compound in 2013 from the 1B2_fugitive_petr_gas (gas flaring) sector are almost 

always larger than the respective DICE-Africa gas-flaring emissions, suggesting that emissions from this source sector 

may be accurately represented in default CEDSGBD-MAPS estimates. However, in the event that gas-flaring emissions 

from the DICE-Africa inventory are not accounted for in the CEDSGBD-MAPS default emissions, the CEDSGBD-MAPS 

1B2_fugitive_petr_gas emissions across Africa may be underestimated by up to 28% (or up to < 0.01 Tg) for each 

compound in 2013 (Table S3). 

In addition, DICE-Africa emissions from petrol/diesel use in residential generators, as well as fuelwood use 

for charcoal production and other commercial activities are not included in the CEDSGBD-MAPS scaling procedure. 

These sectors are not explicitly represented by the CEDSGBD-MAPS working sectors and are only expected to be 

represented in the CEDSGBD-MAPS default estimates to the extent that these sources are included in the IEA energy 

consumption data. Emissions from charcoal production will be allocated to the 1A1bc_Other-Transformation sector, 

while commercial fuelwood use would be allocated to the 1A4a_Commercial-institutional sector. In the event that 

these sources are not included in default CEDSGBD-MAPS emissions, the emissions from biofuel use in the CEDS other 

transformation and commercial sectors in 2013 may be underestimated by up to 100% (or up to 6 Tg) for each 

compound (Table S5). Similarly, residential generator use may be allocated to the 1A4b_Residential (RCO-R) and/or 

1A4c_Agriculture-forestry-fishing (RCO-Other) sectors. In the event that generators are not accounted for in default 

estimates, CEDS emissions from light oil/diesel use in the residential sectors may be underestimated by up to 84% (or 

up to 0.25 Tg) for each compound (Table S5). While these maximum possible under-predictions represent large 

fractions of emissions from individual fuels and sectors, the sum of these potential missing emissions correspond to 

maximum under-predictions in total 2013 CEDSGBD-MAPS emissions in Africa of less than 11% (or < 10.5 Tg) for each 

compound (Table S3). Possible under-predictions of <11% are within typical uncertainties of bottom-up emission 

http://wiki.seas.harvard.edu/geos-chem/index.php/DICE-Africa_anthropogenic_emissions_inventory#Scale_DICE-Africa_emissions_to_address_errors_in_inventory
http://wiki.seas.harvard.edu/geos-chem/index.php/DICE-Africa_anthropogenic_emissions_inventory#Scale_DICE-Africa_emissions_to_address_errors_in_inventory
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inventories (Sect. 4.2.3). Table S5, however, does indicate that some emissions from commercial and residential 

sectors in Africa may be underpredicted in CEDSGBD-MAPS inventory.  

 

Table S5. Maximum possible under-predictions in sectoral CEDSGBD-MAPS Africa emissions relative to DICE-Africa 

DICE Sectors 

(Fuels) 

CEDS Sectors 

(Fuels) 

NOx SO2 CO NMVOC NH3 BC OC 

Tga %b Tga %b Tga %b TgCa %b Tga %b TgCa %b TgCa %b 

Gas Flares 1B2_fugitive_petr_

gas 

0.03 <0.1 - - <0.01 <0.1 <0.01 <0.1 - - <0.01 14 <0.01 28 

Residential 

Generators 

(gas/diesel) 

1A4b_Residential + 

1A4c_Agriculture-

forestry-fishing 

(light oil + diesel oil) 

0.25 84 0.01 26 0.05 48 <0.01 2 - - <0.01 <0.01 <0.01 0.1 

Charcoal 
production 

(fuelwood) 

1A1bc_Other-
transformation 

(process) 

<0.01 16 - - 6.0 99 2.5 99 0.03 99 <0.01 16 0.02 81 

Com. Activity 

(fuelwood) 

1A4a_Commercial-

institutional 

(biomass) 

0.09 100 0.03 88 4.5 98 2.0 99 <0.01 68 0.05 68 0.2 68 

Sum of above 

sectors 

All CEDSGBD-MAPS 

Africa Emissions 

0.37 6 0.04 0.7 10.5 11 4.5 9 0.03 0.5 0.05 6.5 0.22 8 

aSum DICE-Africa 2013 emissions from each country within the given sector 
bPotential underprediction in CEDSGBD-MAPS sectoral emissions, assuming DICE-Africa emissions are not accounted for in default CEDS 

estimates (i.e., 100* (CEDSGBD-MAPS Em. + DICE-Africa Em.)/ CEDSGBD-MAPS Em.) 

 

As discussed in the main text, Fig. 3 compares the scaled CEDSGBD-MAPS emissions of all compounds in 

Africa to those from the CEDSHoesly inventory. Large differences include the reductions of NOx and BC emissions 

from the on-road transport sector in CEDSGBD-MAPS relative to the CEDSHoesly inventory. As discussed in Sect. 2.2, 

these reductions are largely driven by a difference in EFs used for emissions from diesel vehicles. For the on-road 

transport sector, the DICE-Africa inventory uses activity data from the UN energy database for total petrol/diesel use 

in the transport sector, which is then divided into usage for motorcycles and vehicles as described in Marais and 

Wiedinmyer (2016). Vehicle activity data are not split further, and a single EF is applied to total vehicle activity data 

to calculate DICE-Africa emissions from all on-road cars. This DICE-Africa EFs for cars are consistent with the 

default CEDS EFs for on-road gasoline emissions and will be more representative of light vehicles than larger diesel 

trucks, which have default EFs in CEDS roughly twice as large. 

S2.3.2 India Emissions Scaling 

We also scale emissions from India to a new 2015 emissions inventory described in Venkataraman et al. (2018) 

(SMoG-India). Similar scaling sector and fuel definitions are defined as described above. As described in the main 

text, emissions for NOx, SO2, CO, NMVOCs, OC, and BC are available for 17 sectors and nine fuel types. Scaling 

mapping files can be found at: https://github.com/emcduffie/CEDS/tree/CEDS_GBD-MAPS/input/mappings/scaling. 

Scaling factors were calculated for the year 2015 and applied forward and back to the entire 1970 – 2017 timeseries. 

Due to uncertainties in the sectoral mapping and applicability of 2015 scaling factors over the entire time period, we 

note the potential misallocation of the SMoG-India ‘Informal Industry’ sector to the CEDSGBD-MAPS 1A2c_ind-Comb-

Food-tobacco sector (rather than the 1A2g-Comb-Ind-other sector). This misallocation results in CEDSGBD-MAPS NOx 

emissions in India possibly overpredicted by up to ~1 Tg between 1987-2014 (see also Sect. S4). While sectoral 
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misallocations impact the magnitude of sub-sector emissions, total CEDSGBD-MAPS industry emissions in 2015 are 

equivalent to total industry emissions (information + light + heavy industry) from the SMoG-India inventory.  

In addition, there are cases where default CEDS emissions for a specific sector/fuel-type combination equal 

0, resulting in emissions of 0 after the scaling process. To avoid missing emissions in these instances, CEDS working 

fuel types are aggregated into “scaling fuels” (total coal, total liquid fuel, natural gas, and process emissions) in a 

similar manor to the scaling sectors (as described above in Sect. S2.3), and are later re-allocated to the CEDS working 

fuel types according to distributions prior to scaling. While this process may result in a slightly different fuel 

distribution at the most detailed level, final CEDSGBD-MAPS emissions (both gridded and country-level products) are 

aggregated into contributions from total coal, biofuel, oil and gas, and process emissions. 

S2.4 Default BC and OC Emission Scaling Procedure Updates – Additional Details 

Relative to CEDS v2019-12-23, BC and OC emissions are now scaled to available regional- and national-level 

inventories. CEDSGBD-MAPS emissions for OC and BC from countries within each scaling inventory are shown in Fig. 

S3 and S4. These figures additionally compare these emissions to those from the CEDSHoesly, GAINS (ECLIPSE v5a) 

(Klimont et al., 2017), EDGAR v4.3.2 (Crippa et al., 2018), and scaling inventories. As described above and in the 

main text, regional inventories and final CEDSGBD-MAPS emissions may not agree depending on the level of overlap 

between the sectoral emissions included in each scaled inventory. For example, the national emissions from China 

(Zheng et al., 2018) are lower than the CEDSGBD-MAPS estimates due to waste emissions that are not included in the 

national-inventory.  

It should also be noted that emissions from the metal and chemical industrial sectors in Japan are 

underestimated in both CEDSHoesly and CEDSGBD-MAPS relative to the country level inventory (preliminary update from 

Kurokawa et al., 2013). Default CEDS emissions for these sectors are estimated to be zero in CEDS Step 1 and are 

therefore not scaled to the available inventory emissions. This underprediction is largest for years prior to 1995 (see 

Fig. S4) and is reduced in recent years due to a decreasing fractional contribution of these sectors to total OC and BC 

emissions in the Kurokawa et al., 2013 inventory (40% to 28% for OC, 2% to 1.6%. for BC between 1990 and 2010). 

In addition, CEDSGBD-MAPS emissions are not scaled to EMEP emissions (EMEP, 2019) prior to 2000 due to changes 

in inventory reporting (Fig. S3).  
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Figure S3. Time series of BC emissions from CEDSGBD-MAPS (black line), CEDSHoesly (gray dashed line), EDGAR v4.3.2 (blue 

dashed line), and ECLIPSE v5a baseline current legislation (CLE) inventory from the GAINS model (red dots). Each panel 

shows total annual emissions from each designated country/region. GAINS values for 2015 and 2020 are emission 

projections. Global inventories show reported emissions from all sectors excluding open burning, shipping, and aviation. 

Respective regional inventories are shown by green dots/lines and include all reported emissions that are also included in 

regional CEDSGBD-MAPS emissions (e.g., do not include open burning, road dust, shipping, aviation, etc). Note: in the regional 

comparisons, CEDSGBD-MAPS, CEDSHoesly, and EDGAR v4.3.2 emissions also include inland navigation, while GAINS v5a 

CLE do not include any shipping emissions. In the global comparison, all available shipping emissions (inland navigation 

and international shipping) are included in each inventory. REAS and EMEP member countries listed in Table S6.   

 

 
Figure S4. Same as Fig. S3, but for OC emissions. 
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Table S6. Countries included in REAS and EMEP regions 

REAS Afghanistan 

Bangladesh 

Indonesia 

Laos 

Malaysia 

Tajikistan 

Taiwan 

Bhutan 

Maldives 

Myanmar 

Sri Lanka 

Turkmenistan 

Vietnam 

Brunei Darussalam 

DPR Korea 

Kazakhstan 

Nepal 

Pakistan 

Philippines 

 

Cambodia 

Kyrgyzstan 

Mongolia 

Singapore 

Thailand 

Uzbekistan 

 

EMEP Albania 

Belarus 

Bulgaria 

Denmark 

Georgia 

Iceland 

Luxembourg 

Norway 

Sweden  

United Kingdom 

Armenia 

Austria 

Croatia 

Finland 

Greece 

Ireland 

Macedonia 

Poland 

Slovakia 

 

Belgium 

Cyprus 

France 

Italy 

Malta 

Montenegro 

Portugal 

Slovenia 

Spain 

 

Czech Republic 

Estonia 

Germany 

Hungary 

Kyrgyzstan 

Latvia 

Netherlands 

Romania 

Switzerland 

 

S2.5 Spatial Gridding & Aggregation Updates – Additional Details 

Relative to CEDSv2019-12-23, CEDS emissions prior to gridding are now aggregated into 17 intermediate sectors as 

a function of four fuel categories: total coal (hard coal + brown coal + coal coke), solid biofuel, the sum of liquid fuel 

(heavy oil + light oil + diesel oil) and natural gas, and all remaining ‘process’ emissions.  

CEDS Step 5 then spatially allocates total country-level emission estimates on to a 0.50.5 global grid to 

facilitate their use in earth system models. The procedure for spatially allocating CEDS total country-level emissions 

is largely unchanged between CEDSv2019-12-23 and CEDSGBD-MAPS. This process uses normalized spatial 

distribution proxies that are compound- and sector-specific. In CEDSv2019-12-23, proxy distribution data are 

primarily from gridded EDGAR emissions (v4.2 and v4.3) (EC-JRC/PBL, 2012, 2016) and HYDE population (Klein 

Goldewijk et al., 2011) (primarily for historical extension prior to 1970 and waste emissions). In CEDSv2019-12-23, 

gridding proxies are then held constant after 2008 or 2010 (ROAD transportation only). For the CEDSGBD-MAPS 

inventory, we have updated the compound- and sector-specific normalized spatial proxies for 1970 – 2012 to use the 

most recent release of the EDGAR inventory (v4.3.2) (Table S7). Spatial proxies are then held constant for all years 

after 2012. These updates extend many of the latest spatial proxies from 2008 to 2012 but may still introduce 

uncertainty in the gridded CEDSGBD-MAPS products between 2013 and 2017 for sectoral emissions that have 

experienced large changes in their normalized spatial distributions within large countries (Sect. 4.2.5). The same 

sector-specific gridding proxy is also applied to emissions from each fuel group within each sector. This process may 

introduce additional uncertainties into the gridded CEDSGBD-MAPS products as discussed in Sect. 4.2. These 

uncertainties do not impact the final country-level CEDSGBD-MAPS products because they are not gridded. 

As further described in Hoesly et al. (2018), sectors that do not have congruent emissions between CEDS 

and EDGAR v4.3.2 inventories use population data from HYDE (Klein Goldewijk et al., 2011) and Gridded 

Population of the World (GPW) (Doxsey-Whitfield et al., 2015) products as backup spatial proxies. Supplemental 

Table S7 provides a complete list of gridding proxies as a function of sector. All sectors that do not use EDGAR data 

use the same spatial proxies as in CEDSv2019-12-23. For example, emissions from the waste sector are gridded using 
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yearly estimates of population, which have not been updated relative to CEDSv2019-12-23 and are therefore held 

constant after the year 2015.  

 

 

Table S7. Gridding proxies used for spatial allocation, listed by sector. 

CEDS final sectors CEDS intermediate gridding 

sectors 

Spatial Proxya Yearsb 

Agriculture (AGR) Agriculture EDGAR v4.3.2 AGR 

 

1970 – 2012 

 

International Shipping (SHP) International Shipping ECLIPSE and additional datac 1990, 1995, 2000, 

2005, 2010, 2015 

 International Shipping (tanker 

loading) 

ECLIPSE and additional datac  1996 

On-Road Transportation (ROAD) On-Road Transportation EDGARv4.3.2 ROAD 2010 

Non-Road Transportation 

(NRTR) 

Non-Road Transportation EDGAR v4.3.2 NRTR 1970 - 2012 

Residential, Commercial, Other - 

Residential (RCOR) 

Residential, Commercial, Other - 

Residential 

EDGAR v4.3.2 RCO 

 

1970 – 2012 

 

Residential, Commercial, Other - 

Commercial (RCOC) 

Residential, Commercial, Other - 

Commercial 

EDGAR v4.3.2 RCO 

 

1970 – 2012 

 

Residential, Commercial, Other - 

Other (RCOO) 

Residential, Commercial, Other - 

Other 

EDGAR v4.3.2 RCO 

 

1970 – 2012 

 

Energy (ENE) Oil and gas fugitive/flaring ECLIPSE FLRc  1970 – 2015 

 Electricity and heat production EDGAR v4.3.2 ELEC 1970 – 2012 

 Fuel production and transformation EDGAR v4.3.2 ETRN 1970 – 2012 

 Fossil Fuel Fires EDGAR v4.3.2 FFFI 1970 - 2012 

Waste (WST) Waste HYDE population, GPW v4 

(modified rural population)c 

1970 – 2015  

Industry (IND) Industrial Combustion EDGAR v4.3.2 INDC 1970 – 2012 

 Industrial process and product use EDGAR v4.3.2 INPU 1970 – 2012 

Solvent production and 

application (SLV) 

Solvent production and application 

(SLV) 

EDGAR v4.3.2 SLV 1970 - 2012 

aAll species and sectors use population as a backup proxy. 

bSpatial proxies held constant for years not listed. For example, EDGAR v4.3.2 proxies from 2012 are used for years 2012-2017. 

All sectors use population as a backup proxy (2016-2017 use 2015 population).  
cNot updated relative CEDSHoesly inventory. 

After the gridding procedure, the 17 intermediate sectors are then aggregated into 11 final sectors, by 

effectively splitting the original CEDSv2019-12-23 emissions from the TRA sector into ‘On-Road’ and ‘Non-

Road/Other’ contributions and splitting the original RCO sector into individual contributions from the Residential, 

Commercial, and Other sectors. Table 2 contains a complete breakdown of the definitions of CEDS working, 

intermediate gridding, and final sectors. Figure S5 illustrates the level of detail available in this new CEDSGBD-MAPS 

inventory by illustrating global BC emissions in 2017 from 1) all source sectors, 2) the residential sector only, 3) 

residential biofuel-use only, and 4) residential coal-use only.  
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Figure S5. Map of global BC emissions for 2017 from (top left) all sectors, (top right) residential emissions only, (bottom 

left) residential biofuel only, and (bottom right) residential coal only.   
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Section S3. Supplemental Results 

Table S8. Fractional sectoral and fuel-type contributions to 2017 global emissions of each compound. Sectoral contributions 

in bold sum to 100% for each compound (i.e., AGR + ENE +… SHP =100%). Fractional contributions of fuel-types within 

each sector sum to 100% for each compound (i.e., ENE coal + ENE biofuel + ENE Oil+Gas + ENE Process =100%).  

Sector Fuel-Type NOx CO SO2 NH3 NMVOC BC OC 

AGR Total 5% - - 75% - - - 

AGR Coal - - - - - - - 

AGR Biofuel - - - - - - - 

AGR Oil + Gas - - - - - - - 

AGR Process 100 - - 100 - - - 

ENE Total 22% 11% 42% 2% 36% 10% 8% 

ENE Coal 46 10 63 4 <1 3 7 

ENE Biofuel 3 2 <1 3 <1 15 53 

ENE Oil + Gas 35 8 18 6 <1 2 <1 

ENE Process 16 80 19 87 99 80 40 

IND Total 15% 14% 36% 2% 6% 12% 10% 

IND Coal 49 36 38 5 25 47 17 

IND Biofuel 10 11 1 39 25 24 78 

IND Oil + Gas 36 5 25 11 9 29 5 

IND Process 5 48 36 45 41 - - 

ROAD Total 23% 32% 2% 1% 17% 20% 7% 

ROAD Coal - - - - - - - 

ROAD Biofuel - - - - - - - 

ROAD Oil + Gas 100 100 100 100 100 100 100 

ROAD Process - - - - - - - 

NRTR Total 6% 1% 1% <1% 1% 1% <1% 

NRTR Coal <1 <1 <1 <1 <1 <1 <1 

NRTR Biofuel - - - - - - - 

NRTR Oil + Gas 100 100 100 100 100 100 100 

NRTR Process <1 <1 <1 <1 <1 <1 <1 

RCOR Total 3% 35% 4% 6% 18% 38% 54% 

RCOR Coal 9 13 68 <1 2 13 8 

RCOR Biofuel 57 86 22 96 97 70 92 

RCOR Oil + Gas 34 1 10 3 1 17 <1 

RCOR Process - - - - - - - 

RCOC Total 1% <1% 2% <1% <1% 5% 4% 

RCOC Coal - 47 68 23 16 45 38 

RCOC Biofuel - 12 1 28 29 28 54 

RCOC Oil + Gas 100 41 31 49 55 27 8 

RCOC Process - - - - - - - 

RCOO Total 3% 3% 1% <1% 1% 6% 2% 

RCOO Coal 2 10 36 12 4 13 22 

RCOO Biofuel 1 21 1 11 23 10 48 

RCOO Oil + Gas 97 69 63 77 73 77 30 

RCOO Process - - - - - - - 

SLV Total - - - <1% 17% - - 

SLV Coal - - - - - - - 

SLV Biofuel - - - - - - - 

SLV Oil + Gas - - - - - - - 

SLV Process - - - 100 100 - - 

WST Total 2% 3% <1% 14% 2% 5% 13% 

WST Coal - - - - - - - 

WST Biofuel - - - - - - - 

WST Oil + Gas - - - - - - - 

WST Process 100 100 100 100 100 100 100 

SHP Total 20% <1% 12% <1% 2% 3% 1% 

SHP Coal - - - - - - - 

SHP Biofuel - - - - - - - 

SHP Oil + Gas 100 100 100 100 27 100 100 

SHP Process - - - - 73 - - 
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Table S9. Region/Country definitions for main text Fig. 8 and supplemental Fig. S7-S20 (grouped by geographical location) 

Region/Country Member Countries    

Africa Algeria 

Burkina Faso 

Cameroon 

Cape Verde 

Eritrea 

Guinea 

Kenya 

Madagascar 

Mauritius 

Niger 

Sao Tome and Principe 

Somalia 

Tunisia 

Zimbabwe 

Angola 

Botswana 

Chad 

DR Congo 

Ethiopia 

Gambia 

Liberia 

Malawi 

Morocco 

Nigeria 

Senegal 

South Africa 

Swaziland 

Uganda 

Burundi 

Central African Republic 

Congo 

Djibouti 

Gabon 

Guinea-Bissau 

Libya 

Mali 

Mozambique 

Reunion 

Seychelles 

South Sudan 

Tanzania 

Western Sahara 

Benin 

Cote d’Iviore 

Comoros 

Egypt 

Ghana 

Equatorial Guinea 

Lesotho 

Mauritania 

Namibia 

Rwanda 

Sierra Leone 

Sudan 

Togo 

Zambia 

China China    

Europe Albania 

Bulgaria 

Denmark 

Gibraltar 

Iceland 

Luxembourg 

Netherlands 

Romania 

Spain 

United Kingdom 

Austria 

Croatia 

Finland 

Greece 

Ireland 

Macedonia 

Norway 

Serbia and Montenegro 

Sweden  

Belgium 

Cyprus 

France 

Greenland 

Italy 

Malta 

Poland 

Slovakia 

Switzerland  

Bosnia 

Czech Republic 

Germany 

Hungary 

Liechtenstein 

Montenegro 

Portugal 

Slovenia 

Turkey  

Former Soviet 

Union 

Armenia 

Georgia 

Lithuania 

Russia 

Azerbaijan 

Kazakhstan 

Moldova 

Ukraine 

Belarus 

Kyrgyzstan 

Tajikistan 

Uzbekistan 

Estonia 

Latvia 

Turkmenistan 

 

India India    

Latin 

America/Oceania 

Antigua and Barbuda 

Barbados 

Brazil 

Colombia 

Dominica 

Faeroe Islands 

Guadeloupe 

Honduras 

Mexico 

Panama 

Saint Lucia 

Trinidad and Tobago 

Venezuela 

Argentina 

Belize 

British Virgin Islands 

Costa Rica 

Dominican Republic 

Falkland Islands 

Guatemala 

Haiti 

Montserrat 

Paraguay 

St Pierre and Miquelon 

Turks and Caicos Islands 

Aruba 

Bermuda 

Cayman Islands 

Cuba 

Ecuador 

French Guiana 

Jamaica 

Netherland Antilles 

Peru 

Sint Maarten 

St Vincent and 

Grenadines 

US Virgin Islands 

Bahamas 

Bolivia 

Chile 

Curacao 

El Salvador 

Grenada 

Guyana 

Martinique 

Nicaragua 

Saint Kitts and Nevis 

Suriname  

Uruguay 

North America United States Canada Puerto Rico  

Other Asia/ 

Pacific 

American Samoa 

Cambodia 

Fiji 

Indonesia 

Macao 

Mongolia 

Niue 

Republic of Korea 

Sri Lanka 

Tokelau 

Wallis and Futuna Islands  

Bangladesh 

Cook Islands 

French Polynesia 

Japan 

Malaysia 

Myanmar 

Palau 

Samoa 

Taiwan 

Tongo 

 

Bhutan 

DPR Korea 

Guam 

Kiribati 

Maldives 

Nepal 

Papua New Guinea 

Singapore 

Thailand 

Vanuatu  

 

Brunei Darussalam 

FS of Micronesia 

Hong Kong 

Laos 

Marshall Islands 

New Caledonia 

Philippines 

Soloman Islands 

Timor-Leste 

Vietnam  

Australasia Australia New Zealand   

Middle East Afghanistan 

Israel 

Pakistan 

Saudi Arabia 

Bahrain 

Jordan  

Palestine 

Syria 

Iraq  

Kuwait 

Oman 

United Arab Emirates 

Islamic Republic of Iran 

Lebanon  

Qatar 

Yemen 
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To supplement the results presented in Sect. 3, Fig. S6 provides time series of the contributions of each source sector 

to global emissions, for each compound. Figures S7-S12 additionally show time series of sectoral emissions of each 

compound in dominant source regions, including North America, Europe, China, India, Africa, and the Other 

Asia/Pacific region (Table S9). To highlight the fuel-type information in the CEDSGBD-MAPS inventory, Fig. S13 also 

illustrates global emissions of each compound as a function of fuel-group and sector, while Fig. S13-S20 illustrate the 

fuel-type contributions to emissions from the 11 world regions listed above. Figures S21 and S22 compare CEDSGBD-

MAPS and CEDSHoesly emissions. Figures S23 and S24 provide an additional comparison of CEDSGBD-MAPS global 

sectoral emissions to sectoral emissions reported from the EDGAR v4.3.2 and GAINS (ECLIPSE v5a) inventories.  

 

 
Figure S6. Time series of global emissions for each compound as a function of emission sector (all fuel types shown). 

 
Figure S7. Time series of emissions in North America, as a function of emission sector (all fuel types shown). 
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Figure S8. Time series of emissions in Europe, as a function of emission sector (all fuel types shown). 

 

 

 
Figure S9. Time series of emissions in China, as a function of emission sector (all fuel types shown). 
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Figure S10. Time series of emissions in the Other Asia/Pacific region (Table S9), as a function of emission sector (all fuel 

types shown). 

 

 

 
Figure S11. Time series of emissions in India, as a function of emission sector (all fuel types shown). 
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Figure S12. Time series of emissions in Africa, as a function of emission sector (all fuel types shown). 

 

 

 
Figure S13. Time series of global sectoral emissions associated with coal combustion.  
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Figure S14. Time series of global sectoral emissions associated with solid biofuel combustion. 

 

 

Figure S15. Timeseries of global sectoral emissions associated with the combustion of liquid oil and natural gas. 
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Figure S16. Timeseries of global sectoral emissions associated with CEDS process-level emission sources (Table 2) 

 

 

 

 
Figure S17. Timeseries of emissions associated with coal combustion, split into contributions from 11 world 

countries/regions (from coal combustion in all sectors).  
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Figure S18. Timeseries of emissions associated with solid biofuel combustion, split into contributions from 11 world 

countries/regions (from biofuel combustion in all sectors).  

 

 

Figure S19. Timeseries of emissions associated with the combustion of liquid oil and natural gas, split into contributions 

from 11 world countries/regions.  
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Figure S20. Timeseries of emissions from CEDS process-level sources (Table 2), split into contributions from 11 world 

countries/regions. 

 

 

 
Figure S21. Comparison of CEDS sectoral fractional contributions in the CEDSGBD-MAPS (y-axis) and CEDSHoesly (x-axis) 

inventories. Fractional contributions are calculated from global total emissions from all fuel types (= Sector X/ Total global 

emissions). Black line in the 1:1 line. Points are colored by sector.  
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Figure S22. Comparison of CEDSHoesly and CEDSGBD-MAPS emissions as a function of 11 world regions. 

 

 

 

Table S10. Mapping between EDGAR v4.3.2, ECLIPSE v5a (GAINS), and CEDSGBD-MAPS sectors for Fig. S23-S24 

Aggregate Figure 

Sectors 

CEDSGBD-MAPS 

Final Sectors EDGAR v4.3.2 Reported Sectors 

ECLIPSE v5a (gridded data) 

sectors 

Agriculture AGR 4A – Enteric fermentation 

4B – Manure management 

4C – Rice cultivation 

4D1/4D2/4D4 – Direct soil emissions  

Agriculture – livestock and arable 

land operations (AGR) 

Energy ENE 1A1a – Public electricity and heat production 

1A1bc/1A5 – Other energy industries 

1B1 – Fugitive solid fuels 

1B2 – Fugitive oil and gas 

7A – Fossil fuel fires 

Energy – power plants, energy 

production/ conversion, fossil fuel 

distribution (ENE) 

Industry IND 1A2 – Manufacturing and Construction 

2A1 – Cement Production 

2A2 – Lime Production 

2A4 – Soda Ash Production 

2A7 – Other mineral production 
2B – Other Chemical Production 

2C – Metal Production 

2D – Pulp/paper/food/drink Production 

Industrial combustion (IND) 

On-road +  

Non-Road Transportation 

ROAD  

NRTR 

1A3b – Road transportation 

1A3c – Rail transportation 
1A3d – Inland navigation 

1A3e – Other transportation 

Transport – on-road and non-road 

(TRA) 

Residential + 

Commercial +  
Other 

RCOR 

RCOC 
RCOO 

1A4 – Residential and other sectors Residential and commercial 

combustion (DOM) 

Solvent Use SLV 3A – Solvent and other product use: paint 

3B - Solvent and other product use: degrease 

3C - Solvent and other product use: chemicals 

3D - Solvent and other product use: other  

Solvent use (SLV) 

Waste WST 6A – Solid waste disposal on land 

6B – Wastewater handling 

6C – Waste incineration 

6D – Other waste handling  

Waste disposal, including burning 

(WST) 

International Shipping SHP 1C2 – International shipping International shipping (SHP) 
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Figure S23. Comparison of sectoral global emissions in CEDSGBD-MAPS and EDGARv4.3.2 inventories. CEDSGBD-MAPS 

emissions are shown by solid lines, EDGARv4.3.2 data are shown by dashed lines. Sectoral mappings are in Table S10. 

 

 
Figure S24. Comparison of sectoral global emissions in CEDSGBD-MAPS and GAINS inventories. CEDSGBD-MAPS emissions 

are shown by solid lines, GAINS data are shown by dashed lines. Sectoral mappings are in Table S10.  

 

Section S4. Known Inventory Issues 

This list is up to date as the submission of the ESSD discussion paper describing the CEDSGBD-MAPS system and the 

associated data. These issues are in addition to known issues already recognized from the core CEDSv2019-12-23 

system (https://github.com/JGCRI/CEDS/issues). New issues after this point will be listed using the issues tracking 

system on the GitHub repository for both the core CEDS and CEDSGBD-MAPS systems at: 

https://github.com/JGCRI/CEDS/issues and https://github.com/emcduffie/CEDS/issues.  
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• SO2 and NOx emissions from the energy sector in China are too large between 1978 and 2004. This issue results 

from an issue in the underlying IEA energy data, which manifests in the spikes in SO2 and NOx energy 

emissions in 2004 that are visible in Fig. S9. This issue may result in up to a 10 Tg overprediction in SO2 

emissions from the energy sector in 2004, which decrease to a maximum possible overprediction of 0.3 Tg by 

1978. For NOx emissions, the maximum overprediction is 4 Tg in 2004, which decreases to 0.1 Tg by 1978.  

• As discussed in Sect. S2.3, industrial emissions of NOx in India may be overpredicted by up to 1 Tg between 

1987 and 2014. This results from the potential misallocation of the SMoG-India ‘Informal Industry’ sector to 

the CEDSGBD-MAPS 1A2c_ind-Comb-Food-tobacco sector, rather than the 1A2g-Comb-Ind-other sector. 

• Industry emissions of NOx and SO2 in China may not account for emissions from metal smelting due to 

uncertainties in the MEIC sectoral scaling mapping files for industry sector emissions. 

• Residential emissions of SO2 from the combustion of coal may be over-predicted by up to 4 Tg between 1972 

– 1980 (Fig. S13). This sudden increase in emissions from this sector is associated with the CEDSGBD-MAPS 

procedures and not the underlying IEA energy data.  
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ARTICLE

Source sector and fuel contributions to ambient
PM2.5 and attributable mortality across multiple
spatial scales
Erin E. McDuffie 1,2✉, Randall V. Martin 1,2, Joseph V. Spadaro3, Richard Burnett4, Steven J. Smith 5,

Patrick O’Rourke5, Melanie S. Hammer1,2, Aaron van Donkelaar2,1, Liam Bindle 1,2, Viral Shah6,10, Lyatt Jaeglé6,

Gan Luo7, Fangqun Yu 7, Jamiu A. Adeniran8, Jintai Lin 8 & Michael Brauer 4,9

Ambient fine particulate matter (PM2.5) is the world’s leading environmental health risk

factor. Reducing the PM2.5 disease burden requires specific strategies that target dominant

sources across multiple spatial scales. We provide a contemporary and comprehensive

evaluation of sector- and fuel-specific contributions to this disease burden across 21 regions,

204 countries, and 200 sub-national areas by integrating 24 global atmospheric chemistry-

transport model sensitivity simulations, high-resolution satellite-derived PM2.5 exposure

estimates, and disease-specific concentration response relationships. Globally, 1.05 (95%

Confidence Interval: 0.74–1.36) million deaths were avoidable in 2017 by eliminating fossil-

fuel combustion (27.3% of the total PM2.5 burden), with coal contributing to over half. Other

dominant global sources included residential (0.74 [0.52–0.95] million deaths; 19.2%),

industrial (0.45 [0.32–0.58] million deaths; 11.7%), and energy (0.39 [0.28–0.51] million

deaths; 10.2%) sectors. Our results show that regions with large anthropogenic contributions

generally had the highest attributable deaths, suggesting substantial health benefits from

replacing traditional energy sources.
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Long-term exposure to ambient (outdoor) fine particulate
matter less than 2.5 μm in diameter (PM2.5) is the largest
environmental risk factor for human health, with an esti-

mated 4.1 million attributable deaths worldwide (7.3% of the total
number of global deaths) in 20191. Outdoor PM2.5 mass is pri-
marily composed of inorganic ions, carbonaceous compounds
(black and organic carbon, including secondary organic aerosol),
and mineral dust. Sources include direct emissions such as forest
fires and agricultural waste burning2,3, windblown mineral dust
from arid regions4, and inefficient fuel combustion5, as well as
secondary emissions from atmospheric chemical reactions
between primary gas-phase pollutant precursors. These pre-
cursors are emitted from both combustion and non-combustion
processes that include residential energy use, on- and off-road
vehicles, energy generation, solvent use, industrial processes, and
agricultural fertilizer application6. Once emitted, the chemical
production of PM2.5 mass in the atmosphere is highly non-
linear7,8. Due to its myriad of sources and complex formation
chemistry, both the total mass and chemical constituents of PM2.5

depend on local environmental conditions, dominant sources,
and the magnitude of those source-specific emissions. In addition,
as air pollution and atmospheric chemistry do not adhere to
political boundaries9–11, mitigation efforts require consideration
of transboundary effects across multiple locations, informed by
studies of PM2.5 source contributions and the attributable disease
burden across a range of sub-national to global scales.

Source contribution studies across multiple spatial scales help
to inform specific mitigation strategies and prioritize limited
resources for effective action12. A large number of previous stu-
dies have used chemical observations or dispersion-based models
to quantify sources of PM2.5 mass, but have largely focused on
specific locations or short-term events13–15. In comparison,
comprehensive assessments of the sources and impacts of PM2.5

across large spatial scales have been relatively limited by available
long-term PM2.5 surface measurements. A recent study, for
example, found that most countries between 2010 and 2016 had
fewer than 10 long-term ground-based PM2.5 monitors per mil-
lion people, while 60% of all countries had no long-term
monitors16. Therefore, to assess the global and regional PM2.5

disease burden and its source contributions, recent studies have
employed 3D chemical transport models as a means to relate
changes in surface emissions to atmospheric PM2.5 concentra-
tions. These studies typically use adjoint models, tagged-tracer, or
zero-out (brute-force) approaches to assess the influence of
individual surface sources on PM2.5 mass and attributable mor-
tality and morbidity. These previous studies, however, have lar-
gely focused on individual cities, countries, regions11,17–24, or
source sectors3,25–35, often with relatively coarse spatial resolution
and emissions that may not reflect current conditions. In con-
trast, global-scale studies that account for transboundary effects
using both consistent methodologies and sectoral definitions
across all world regions help to place air pollution in a global
context and allow for comparability of the disease burden and its
source contributions across multiple locations. Relatively few of
these previous global studies, however, have provided an assess-
ment of the contributions from more than one source sector or
aggregate fuel category in recent years36–40, thereby limiting their
ability to inform or prioritize specific air quality management
policies under current global conditions.

In today’s rapidly changing society, the accuracy and policy
relevance of such global studies is contingent on (1) the avail-
ability of contemporary and detailed emission inventories, (2)
scientifically rigorous chemical transport models, (3) global fine
resolution PM2.5 exposure estimates, and (4) disease-specific
concentration-response functions (CRFs) derived from con-
temporary air pollution epidemiologic studies. First, emission

datasets that capture recent trends are particularly important in
highly polluted regions, such as China, India, and Africa, that
have experienced large and rapid changes in PM2.5 precursor
emissions in the last decade6,41,42. Disaggregation of these emis-
sions across multiple sectors, fuel types, and regions also increases
their policy relevance, as detailed source contribution studies can
quantify the health benefits from specific and achievable strategies
such as transitions away from coal use for energy generation or
solid biofuel for residential cooking and heating. Second, to
accurately reflect current PM2.5 chemical production regimes
under various emission scenarios, 3D atmospheric-chemical
transport models require state-of-the-science chemical and phy-
sical mechanisms, evaluated against surface observations of PM2.5

mass and composition. Third, to capture and compare national
and sub-national impacts across all world regions, these studies
additionally require high-resolution PM2.5 exposure estimates,
such as those that utilize recent advances in satellite retrievals,
chemical transport models, and ground-based monitoring43.
Lastly, integration of these source simulations and exposure
estimates with updated disease-specific CRFs can motivate
policy action by refining previous PM2.5 disease burden
estimates37,38,44,45, incorporating spatial variation in the under-
lying health status and cause of death composition, and by
comparably quantifying the dominant sources of this burden
across global, national, and sub-national scales.

In this study, we integrate the emissions, modeling, PM2.5

exposure, and CRF components described above to provide a
globally comprehensive and contemporary source categorization
of PM2.5 mass and the attributable disease burden. In this work,
we identify residential energy use, industrial processes, and
energy generation as dominant sectors contributing to global
PM2.5 exposure and its attributable mortality. We also find that
eliminating fossil fuel combustion emissions would substantially
reduce (>25%) the global disease burden attributable to annual
PM2.5 exposure, with over half of this contribution from the
combustion of coal. While the relative contributions from indi-
vidual sectors and fuels vary across national and sub-national
scales, the comprehensive nature of this work provides detailed
source information relevant to developing PM2.5 mitigation
strategies and predicts a large potential health benefit from
replacing traditional energy sources.

Results
In this work, we couple emission sensitivity simulations using the
GEOS-Chem 3D global chemical transport model with newly
available high-resolution (1 km × 1 km) satellite-derived PM2.5

exposure estimates43, national-level baseline burden data, and
updated CRFs from the 2019 Global Burden of Disease (GBD)1.
We use these data and methods to quantify the relative con-
tributions from 24 individual emission sectors and fuel categories
to annual population-weighted mean (PWM) PM2.5 mass con-
centrations and the attributable disease burden across 21 world
regions, 204 countries (defined in Supplementary Table 1), and
200 sub-national areas.

PM2.5 exposure and attributable disease burden. In 2017, the
global PWM PM2.5 mass concentration was 41.7 μg m−3, with
91% of the world’s population experiencing annual average
concentrations higher than the World Health Organization
(WHO) annual average guideline of 10 μg m−3. As shown in
Fig. 1a and b, exposures were highest in countries throughout
Asia, the Middle East, and Africa. To maintain consistency with
the GBD1, we use the same gridded (~10 × 10 km) outdoor PM2.5

concentration estimates43,47,48, further downscaled to a spatial
resolution of 0.01° × 0.01° (~1 × 1 km) using a newly and publicly
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available high-resolution satellite-derived product43 (Methods).
Figure 1c compares the resulting downscaled (~1 × 1 km) PM2.5

concentrations to all readily available 2017 annual surface
observations (N= 4074) of total PM2.5 mass. Though annual
surface observations are largely limited to regions in North
America, Europe, and Asia, the downscaled estimates in Fig. 1c
are consistent with co-located annual average observations, with a
correlation coefficient (r) of 0.977 and a normalized mean bias of
+11% or 4.6 μg m−3.

The global ambient PM2.5 disease burden was estimated by
integrating national-level annual PWM PM2.5 concentrations
with CRFs49 and national baseline data consistent with the 2019
GBD1 (GBD2019 CRF). These updated CRFs better reflect the
uncertainty of health effects at high PM2.5 concentrations.
Globally, we estiamte that 3.83 million deaths (95% Confidence
Interval: 2.72–4.97 million) were attributable to annual ambient
PM2.5 exposure in the year 2017 (Fig. 2: top left panel).
Attributable deaths were primarily from ischemic heart disease
(IHD) and Stroke (63%; Fig. 2: top left, right pie chart), followed
by chronic obstructive pulmonary disease (COPD), lung cancer
(LC), lower respiratory infections (LRI), and type II diabetes
(DM). In addition, there were a total of 2.07 (95% CI: 0.02–5.02)
million attributable incidences of neonatal disorders (low birth
weight (LBW) and pre-term births (PTB)) worldwide (Supple-
mentary Data 1). National-level results for 204 countries are
provided in the center map of Fig. 2 (and Supplementary Data 1).
The largest numbers of attributable deaths occurred in China
(~1.4 [95% CI: 1.05–1.70] million) and India (0.87 [95% CI:
0.68–1.04] million), together accounting for 58% of the global
total ambient PM2.5 mortality burden. The larger burden in
China, despite a lower national PM2.5 exposure level reflects
differences in population age distribution and the relative
baselines associated with each disease in each country (Supple-
mentary Fig. 1). Figure 2 also shows a large PM2.5 disease burden
in countries such as the U.S. where country-level PWM PM2.5

exposure levels are below the WHO guideline, highlighting the
risks associated with PM2.5 exposures below 10 μg m−3 but above
the GBD counterfactual50 (Supplementary Fig. 2; Methods).
Supplementary Data 1 provides all national exposure and disease
burden estimates, as well as fractional disease contributions.

As an additional sensitivity test, exposure and burden estimates
for the year 2019 were additionally calculated with publicly
available 2019 exposure estimates and national-level baseline
burden data (Supplementary Text 1). No change was found in
the global PWM PM2.5 concentration (Supplementary Data 3),
however due to changes in population characteristics (i.e., size and
age decomposition in a particular country), the attributable deaths
increased from 3.8 (95% CI: 2.72–4.97) million to 4.1 (95% CI:
2.9–5.3) million in 2019 (consistent with GBD20191) (Supplemen-
tary Text 1; Supplementary Data 3). Disease burden estimates were
also calculated using CRFs from an updated version of the Global
Exposure Mortality Model (GEMM)44 (Supplementary Text 2;
Supplementary Fig. 2). While the fractional disease contributions
predicted by the updated GEMM were similar to those from the
GBD2019 CRFs (Supplementary Fig. 3), the absolute number of
attributable deaths in each country/region were nearly always
larger when the GEMM was applied.

Global and national sector and fuel-type contributions.
Figure 2 also provides the relative (fractional) contributions of
emission sectors and fuel types to annual PM2.5 exposure levels
and the attributable disease burden. As described in the Meth-
ods, fractional contributions are quantified using a recently
updated version of the 3D GEOS-Chem chemical transport
model46 (Supplementary Text 3), evaluated against available
surface observations (Supplementary Text 4; Supplementary
Figs. 4, 5) in a series of 24 sensitivity simulations (Supplemen-
tary Table 2) with a newly released global anthropogenic
emissions dataset (CEDSGBD-MAPS

6) that includes sector- and
fuel-specific emissions for the year 2017 (Supplementary Text 5;
Supplementary Fig. 6).

Results in Fig. 2 (and Supplementary Data 1) show that on the
global scale, roughly 40% of the PM2.5 disease burden was
attributable to residential (19.2%; 0.74 [95% CI: 0.52–0.95]
million deaths), industrial (11.7%; 0.45 [0.32–0.58] million
deaths), and energy (10.2%; 0.39 [0.28–0.51] million deaths)
sector emissions, which are typically associated with fuel
combustion6. To investigate combustion contributions across all
sectors, the middle pie chart in Fig. 2 (and Supplementary Data 2)
illustrates the potential health benefits from eliminating specific

Fig. 1 Evaluation of PM2.5 exposure estimates relative to surface observations. a Annual average observations of total PM2.5 mass in the year 2017;
symbol shapes correspond to monitor network. b Annual PM2.5 exposure estimates for 2017, downscaled to 0.01° × 0.01° resolution. c Correlation
between the 2017 exposure estimates and observed annual average concentrations, colored by Global Burden of Disease (GBD) region (Supplementary
Table 1); symbol shape corresponds to the observation network; correlation slope, intercept, coefficient, normalized mean bias (NMB), and number of
observation points are provided. (NMB= 100*Σ (exposure estimate−observations)/Σ observations).
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types of combustible fuels. For example, Fig. 2 shows that nearly
1.05 (95% CI: 0.74–1.36) million or 27.3% of total PM2.5

attributable deaths could be avoided by eliminating emissions
from fossil-fuel combustion (coal= 14.1%, O&NG= 13.2%),
with an additional 20% or nearly 0.77 (95% CI: 0.54–0.99)
million deaths avoidable by eliminating solid biofuel combustion,
primarily used for residential heating and cooking. The remaining
sources in the middle pie charts largely correspond to non-
combustion and natural sources, such as windblown dust, which
was the second single largest sectoral source of PM2.5 exposure at
the global scale (16.1%) (Fig. 2). This source was estimated to lead
to 0.62 (95% CI: 0.44–0.80) million attributable deaths worldwide
under the assumption of equal toxicity of all PM2.5 sources and
components (Discussion). Other PM2.5 sources such as on-road
transportation, non-combustion agriculture emissions, and
anthropogenic dust each had relatively smaller global contribu-
tions ranging between 6.0 and 9.3% (0.23 [95% CI: 0.16–0.30] to
0.36 [0.25–0.46] million deaths). Additional global source sectors,
including solvents, shipping, and natural sources such as fires,
biogenic, and soil emissions each contributed to less than 5.2% of
the annual global PWM PM2.5 mass. Supplementary Data 1 and 2
provide a complete data set of the global fractional sector and fuel
contributions.

While global contributions provide a snapshot of globally
important sectors and fuel-types, regional and country-level
contributions provide information more relevant to local sources
of ambient PM2.5 mass. Therefore, Fig. 2 additionally shows the
relative contributions for nine countries with the largest number

of attributable deaths associated with long-term ambient PM2.5

exposure (from the GBD2019 CRFs). These top countries differ
from those with the highest PWM PM2.5 concentrations
(Supplementary Data 1), highlighting the importance of demo-
graphic factors and disease-specific baseline estimates in calculat-
ing the total burden of disease. The majority of attributable deaths
in these countries were from Stroke and IHD, except for Nigeria,
where childhood LRIs were the largest cause of mortality
attributable to ambient PM2.5 exposure. Sectoral pie charts in
Fig. 2 show that source contributions varied between countries,
with residential contributions ranging from 4.0% in Egypt to
33.1% in Indonesia, while the sum of energy and industry
emissions ranged from 3.2% in Nigeria to 27.3% in India.
Windblown dust was the most variable sector within these
countries, ranging from 1.5% in Bangladesh to 70.6% in Nigeria.
Of the three anthropogenic fuel categories (coal, oil & natural gas,
and solid biofuel), coal was the largest source of PM2.5 attributable
mortality in China (22.7%; 315,000 [95% CI: 239,000–385,000]
deaths), O&NG was the largest contributor in Egypt, Russia, and
the United States (13.7–27.9%; 9000 [4000–16,000] to 13,000
[4500–24,000] deaths), and solid biofuel combustion was largest in
the remaining five countries (12.3–36.0%; 6000 [4500–8000] to
250,000 [196,500–300,000] deaths). Results further show that use
of these fuels in China and India alone each contribute to roughly
10% of the global ambient PM2.5 disease burden (Supplementary
Data 2).

For a more holistic world view, bar charts in Fig. 3 show the
relative sector and fuel contributions for all 21 world regions and

Fig. 2 Absolute ambient PM2.5 burden and fractional sector, fuel, and disease contributions for the global average and top nine countries. Map:
National-level outdoor PM2.5 disease burden in 2017 (from the 2019 Global Burden of Disease concentration-response relationships). Panels: Annual
average population-weighted PM2.5 exposure levels and attributable mortality (rounded to the nearest 1000). (Left pie charts) fractional sectoral source
contributions. ‘Other fires’ include deforestation, boreal forest, peat, savannah, and temperate forest fires. ‘Remaining sources’ include volcanic SO2,
lightning NOx, biogenic soil NO, aircraft emissions, and oceanic and biogenic sources (Supplementary Table 2). Energy and industry sectors also include
separate contributions from coal use (first wedge, counterclockwise). The residential sector separates the contributions from coal (first wedge) and solid
biofuel (second wedge). (middle pie charts) fuel-type contributions. The ‘total dust & fires’ category is the sum of windblown and AFCID (anthropogenic
fugitive, combustion, and industrial) dust, agricultural waste burning, and other fires. Other sources are primarily from non-combustion or uncategorized
combustion sources (agriculture, solvents, biogenic SOA, waste incineration, etc.). (Right pie charts) Relative disease contributions (not including pre-term
birth and low birth weight). Supplementary Data 1 and 2 provide all data in this figure, including the number of neonatal incidences.
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the top 20 countries with the largest number of PM2.5-attributable
deaths. The relative contributions of PM2.5-disease pairs for these
same regions and countries are shown in Supplementary Fig. 3.
The color scheme to the right of panels b and d in Fig. 3 shows
that four of the 21 regions and six of the top 20 countries each had
PWM PM2.5 concentrations higher than the global average.
Similar to the pie charts in Fig. 2, Fig. 3 panels a and c show that
residential energy use was the largest contributing sector in South,
East, and Southeast Asia, largely driven by trends in India,
Indonesia, Pakistan, Bangladesh, and Vietnam. Other notable
features include the dominant contribution from windblown dust
throughout North Africa, the Middle East, Central Asia, and
Western Sub-Saharan Africa, as well as dominant fire contribu-
tions in Southern Latin America, Central Sub-Saharan Africa,
Oceania, and North America. Large agricultural contributions
were found in Western and Central Europe and Pacific Asia, along
with dominant contributions from industrial processes in Andean
and Tropical Latin America. Comparing all world regions, Fig. 3a
shows that areas with the lowest number of PM2.5 attributable
deaths generally had the smallest relative contributions from non-
natural PM2.5 sources. Similarly, Fig. 3b shows that regions with
greater attributable deaths had relatively larger contributions from
anthropogenic fuel combustion emissions. Exceptions include

Western and Central Sub-Saharan Africa, where combined
contributions from windblown dust and fires were greatest (81.0
and 68.4%).

Figure 4a provides a map of the dominant contributing fuel
type in each country to further highlight the national-level
variability in relative fuel contributions. For example, Fig. 4a
shows that despite a recent decline in global coal emissions6, coal
was the dominant combustible fuel type contributing to the PM2.5

disease burden in 20 countries, including China, Eswatini, South
Africa, and countries throughout Central and Eastern Europe. At
the national level, South Africa and neighboring Eswatini both
had the largest relative coal contributions of all countries at more
than 36.5% each (~9000 [95% CI: 6000–12,500] attributable
deaths in total). Countries with the lowest relative coal
contributions (<0.1%) included those in other regions of Africa,
as well as small island nations. O&NG combustion typically
dominated in more developed countries throughout North
America, Australasia, and Western Europe, as well as parts of
North Africa, the Middle East, Central Asia, and Eastern Europe.
Of all world regions, North America and Western Europe had the
largest relative O&NG contributions at ~25% each (43,000 [95%
CI: 19,500–72,500] deaths total), while the lowest was in Central
Sub-Saharan Africa at 2.5% (<1000 deaths total). Third, regional

Fig. 3 Relative (fractional) source and fuel contributions to annual population-weighted mean PM2.5 mass and attributable deaths in 2017.
a, c Normalized sectoral source contributions for 21 world regions and the global average (a) and top 20 countries (c). Sorted by decreasing number of
ambient PM2.5-attributable deaths (rounded to the nearest 1000). b, d Normalized contributions from the combustion of three fuel categories and
remaining PM2.5 sources. To the right of b and d, annual population-weighted mean PM2.5 concentrations and associated attributable deaths are provided
for each region/country. Relative amounts are illustrated by relative dot sizes. Concentrations above or equal to the global average are colored red.
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solid biofuel contributions (largely from the residential sector)
were largest in South and Southeast Asia at between 29.2 and
31.2% each (373,500 [95% CI: 279,500–465,000] deaths total).
Solid biofuel was the dominant contributing combustible fuel in
76 countries including throughout Central, Eastern, and Sub-
Saharan Africa, parts of Central and Western Europe, Asia, and
Tropical Latin America. National-level fractional contributions
ranged from 0.2% in small island nations to at least 40% in
Guatemala, Nepal, and Rwanda (8500 [95% CI: 6500–11,000]
total deaths).

Figure 4b–d additionally provides an assessment of three
detailed emission reduction strategies that test policy-relevant
scenarios of select fuel and sector combinations. These panels
show the fractional contributions of PM2.5 mass and attributable
mortality avoidable by eliminating the use of (b) residential
biofuel, (c) industrial sector coal combustion, and (d) coal
combustion for energy generation. Figure 4a reveals that while
coal is the dominant fuel type in both China and South Africa,
coal from the energy sector contributes to a greater fraction of
attributable deaths (20.5%) in South Africa than does the industry
sector (2.7%), while the opposite is true for China (4.7% energy
coal, 9.1% industry coal). Similarly, in countries throughout
Central and Eastern Europe where coal is the dominant
contributing fuel, the targeted reduction of coal use in the energy
sector may lead to immediately larger air quality benefits than
targeting coal use in the industrial sector (Fig. 4c and d). For
residential biofuel use, the relative contributions are generally
largest in regions where residential emissions are the dominant
source sector (Fig. 3a). At the national scale, the combustion of
solid biofuel for home heating and cooking contributed up to
46.1% of the total PM2.5 mass and attributable deaths in
Guatemala (Supplementary Data 1). These examples highlight
the potential air quality benefits from specific and achievable
reduction strategies. Detailed comparisons across countries in
Fig. 4 and Supplementary Data 1 can further identify opportu-
nities with the greatest potential health gains and identify
countries who have successfully managed reductions from these
select sources.

Sub-national source contributions. To investigate sub-national
variability in PM2.5 mass and its sources, we leverage the high-
resolution downscaled exposure estimates (0.01° × 0.01°) to esti-
mate PWM PM2.5 mass for 200 sub-national areas. We addi-
tionally apply gridded model sensitivity simulation results (0.5° ×
0.625° in North America, Europe, and East Asia, 2° × 2.5° else-
where) to the sub-national exposure levels to estimate the relative
source contributions in these same areas. Sub-national area
boundaries are identified by the nearest dominant city and are
defined using T3 urban extent data from the Atlas of Urban
Expansion51. This dataset provides urban boundaries for 200
metropolitan areas that had more than 100,000 inhabitants
in 2010.

PM2.5 exposure estimates reveal a large public health benefit
from reducing PM2.5 exposure in urban areas. For example,
Supplementary Data 1 shows that more than 65% of the select
200 areas experienced higher PWM PM2.5 concentrations than
their corresponding national averages. In a few extreme cases in
India, for example, average PWM PM2.5 concentrations exceeded
150 μg m−3, nearly twice that of the national average and over 15
times larger than the WHO guideline.

Figure 5 shows that both PWM PM2.5 mass and dominant
PM2.5 surface sources vary at the sub-national scale, highlighting
the importance of developing region-specific air quality strategies.
For example, while residential emissions are the largest source of
average PM2.5 exposure and attributable mortality in China and
India, areas surrounding Beijing and Singrauli (Madhya Pradesh,
India) have relatively larger contributions from the energy and
industry sectors. Similarly, while the transportation sector was
the largest PWM PM2.5 source in the U.S., Fig. 5c illustrates
regionally varying sources, with dominant contributions from
forest fires in the west, windblown dust in the arid southwest,
agricultural, on-road transportation, and energy throughout the
midwest and east coast, and highly uncertain sources such as
secondary organic aerosol (SOA) in the southeast. In Europe, the
non-combustion agriculture sector is a dominant source of PWM
PM2.5 mass and mortality across large portions of the region,
however pie charts in Fig. 5d also illustrate areas with relatively

Fig. 4 Fractional contributions from select combustion fuel types and sectors. a The combustion fuel-type with the largest relative contribution to PM2.5

mass and mortality in each country. b–d The fractional contributions from solid biofuel combustion in the residential sector (b), coal combustion in the
industry sector (c), and coal combustion in the energy sector (d). Note the color scale change between (b) and (c, d).
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large contributions from the energy, industry, and residential
sectors. For Africa, energy generation from coal combustion was
the largest source of PM2.5 attributable deaths in South Africa
(Supplementary Data 1), though Fig. 5b shows that this influence
was centered around Johannesburg (26.1%), while the area
around Port Elizabeth was dominantly influenced by windblown
dust and other non-combustion sources (Supplementary Data 1).
Pie charts in all panels of Fig. 5 highlight that in all regions, a
large number of sources collectively contribute to sub-national
PM2.5 mass formation, not only the largest sources illustrated in
the map panels.

While annual PM2.5 exposure estimates in Fig. 5 were derived
from urban-relevant spatial scales (i.e., 0.01° × 0.01°), we note that
the source contributions here are limited by the resolution of the
GEOS-Chem model (above) and of the emissions dataset (0.5° ×
0.5°). As a result, source contributions maps in Fig. 5 are effective
at highlighting sub-national source contributions, but urban-level
contributions would be improved with more spatially resolved
simulations and emissions. Sub-national and urban scale PM2.5

exposure estimates and fractional source contributions are vital
for identifying reduction strategies with the greatest public health
benefit, which will become increasingly important as ~65% of the
world’s population is projected to live in urban areas by 205052.

Discussion
We provide a comprehensive and quantitative evaluation of the
individual sector and fuel contributions to annual PWM PM2.5

mass and its disease burden, relevant to the development and

prioritization of effective mitigation strategies. We find that over
1 million (27.3%) attributable deaths were avoidable by elim-
inating PM2.5 mass associated with emissions from fossil-fuel
combustion (total coal+O&NG). These results add to the
growing evidence of the public health benefit achievable from
global decarbonization strategies53. While global total coal con-
tributions (14.1%) were slightly larger than those from O&NG
(13.2%), the relative balance between these two fuel categories
varied at the regional, country (Figs. 2 and 3), and sub-national
levels (Fig. 5). As the largest number of PM2.5 attributable deaths
occurred in China and India, complete elimination of coal and
O&NG combustion in these two countries could reduce the
global PM2.5 disease burden by nearly 20% (Supplementary
Data 2).

Comparisons here with prior analyses are limited by differ-
ences in estimation years as well as differences in spatial resolu-
tion and input data, including chemical transport models, CRFs,
and emissions, population, exposure, and burden datasets. Frac-
tional fossil-fuel contributions to the PM2.5 disease burden
(27.3%) for the year 2017 were lower than the only previous
global fractional estimate of 41% for the year 201536. Observed
differences are largely driven by countries that have experienced
recent reductions in fossil-fuel emissions6, such as China, the U.
S., and Western European countries, including Germany and
Italy. Absolute contributions in this work were also lower than
recent fossil fuel attributable mortality estimates derived using
different CRFs54. Compared to two previous national-level stu-
dies, fractional coal contributions in 2017 were also 17% smaller
than a 2013 estimate for China17, but generally consistent to

Fig. 5 Sub-national sources of PM2.5 mass and attributable mortality. Results are shown for (a) Asia, (b) Africa, (c) North America, and (d) Europe.
Maps illustrate the single source with the largest contribution in each model grid cell (0.5° × 0.625°). Population-weighted mean PM2.5 concentrations
(calculated from 0.01° × 0.01° PM2.5 exposure estimates) and regional fractional source contributions are also shown for a select sub-set of sub-national
regions, identified by the name of the nearest major city.
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within 1% for a 2015 estimate for India18 (Supplementary Text 6).
Emission inputs suggest that PM2.5 precursor emissions from coal
combustion (e.g., SO2) have decreased by up to 60% between
2013 and 2017 in China, while these same emission sources in
India have increased by up to 7% between 2015 and 20176. Fossil-
fuel contributions in our analysis may also be lower limits as
some sub-sectoral emission categories such as flaring and fossil-
fuel fires were not assigned to a fuel category in the emissions
dataset6, but rather were included in the ‘other sources’ category
in this analysis (Supplementary Text 5).

The use of solid biofuel across all sectors in 2017 contributed to
an additional 767,000 (95% CI: 543,000–994,500) attributable
deaths worldwide (20%), with this source in India and China
again responsible for roughly 11% of the global PM2.5 disease
burden. Solid biofuel emissions in countries throughout South
and Southeast Asia, as well as Central and Western Sub-Saharan
Africa were largely associated with residential solid biofuel use for
household heating and cooking (Fig. 5b). Large fractional con-
tributions of this source were consistent to within 4% of the only
previous global estimate25. Results in 2017 were also consistent to
within 3% of two previous national-level estimates of fractional
PM2.5 disease burden contributions from residential heating and
cooking in China in 201317 and in India in 201518 (Supple-
mentary Text 6). While emissions from biofuel combustion have
recently decreased in China, other world regions are experiencing
a simultaneous increase6, highlighting the continued importance
of considering residential solid biofuel emissions for future air
quality improvement strategies. Considerations of net air quality
benefits will also be important in regions where a transition from
residential solid biofuel use to fossil fuel energy sources may lead
to immediate indoor and outdoor air quality improvements and
health benefits55, while at the same time increasing the relative
fossil fuel contributions.

For major contributing global source sectors (Fig. 2), relative
contributions were generally consistent with previous global
studies, though differences again may arise due to real temporal
changes or differences in input datasets, chemical transport
models, or sectoral definitions used. Comparisons with previous
national-level studies are more variable, with summaries provided
in Supplementary Text 6. At the global scale, the residential
energy sector was the single largest contributing source to the
2017 global PM2.5 disease burden and had a relative contribution
(~20%) similar to previous global estimates of 8–31% in
2000–201437–39,56. In addition, the global 2017 contribution from
the combined energy (10.2%) and industry (11.7%) sectors was
consistent with two previous global combined estimates of 21 and
33% in 2010–201437,39. Different reported relative contributions
between the energy and industry sectors may be driven by dif-
ferences in sectoral definitions. Global estimates for fractional
contributions from dust and the transport sector were also gen-
erally consistent with previous global estimates. The total 2017
dust contribution (windblown and anthropogenic) of 25% was
similar to two previous global studies of 18–24%37,39. Similarly,
previous estimates for the transportation sector of between 5–12%
in 2005–201532,37–39 encompass the 2017 value of 7.6%. In
contrast, contributions from the agriculture sector (8%) were
slightly lower than previous global estimates of 9–25% in
2010–201537,39,57, even when 2017 contributions from agri-
cultural waste burning (+1%) were included.

Smaller global sectors include waste, fires, solvent use, and
international shipping, which each contributed to <5% of the
2017 global PM2.5 disease burden. These sources however may be
important to consider for national and sub-national control
strategies (Fig. 5; Supplementary Text 6). The number of global
attributable deaths from the waste sector (184,000; 95% CI:
130,500–238,500 deaths) in 2017 was 30% lower than the only

previous estimate of domestic waste burning29. Global contribu-
tions from solvent use have not been previously reported. For
international shipping, global mortality estimates (27,000; 95%
CI: 19,000–35,000 deaths) fell within the range of a previous 2002
estimate33, but were 75–95% lower than a more recent study,
largely due to differences in the CRFs58. In contrast to anthro-
pogenic sources, annual open fire contributions are expected to
vary strongly with annual fire activity3, and may increase in
regions where the number and severity of wildfires is projected to
increase59. The global 2017 total fire contribution was 4.1%,
consistent with two previous estimates of ~5% in 2010 and
201437,39. Figure 5, however, shows that fires were the single
largest contributor to the PM2.5 disease burden in select regions
throughout North America, Southeast Asia, and Africa. These
relative contributions are generally consistent with a previous
global-scale estimate3, though mixed agreement with previous
national-level estimates likely highlights the interannual varia-
bility of this source. For example, 2017 contributions in India and
China (~1%) were lower than previous estimates of 1–8% for
2013–201517,18,28,37, contributions in the U.S. (~13%) were more
than double a previous 2010 estimate37, and contributions in
Canada (18.9%) were consistent with a previous 2013 study11. All
remaining PM2.5 sources (Supplementary Table 2) contributed to
5.2% or less at the global scale.

Similar to previous studies, fractional and absolute source
contributions to PWM PM2.5 mass and the attributable disease
burden are subject to uncertainties in the emissions dataset, PM2.5

exposure estimates, 3D chemical-transport model, national-level
baseline mortality estimates, and the disease-specific GBD2019
CRFs. Following methods from previous similar studies36,37,60,
the 95% CI of the 2017 PM2.5 disease burden is derived from
uncertainties in the GBD2019 CRFs, resulting in a range of 2.72
million–4.97 million global attributable deaths. An additional
sensitivity study is presented in Supplementary Text 7 to test the
impact of uncertainties associated with the baseline mortality
data, which for the majority of world regions results in smaller
uncertainty bounds than those associated with CRF uncertainties
(Supplementary Fig. 7). As described in the Methods, the GEOS-
Chem model is evaluated against available surface observations
and uncertainties in the emissions dataset are discussed
elsewhere6. In addition, sub-national fractional source contribu-
tions (Fig. 5) are limited to the resolution of the model and
emissions, while the urban exposure estimates are further subject
to greater uncertainties in the satellite-derived products for small
spatial scales43,47. Future developments of global high-resolution
simulations, as well as increasing the accuracy and precision of
satellite-derived PM2.5 estimates will serve to reduce these
uncertainties in PM2.5 mass and source contributions at both the
national and sub-national scales.

In addition to uncertainties in the general methodology, this
work also assumes equitoxicity of aerosol mass and its sources,
including from windblown mineral dust61. This assumption
is necessary for use with the GBD2019 and GEMM CRFs and is
consistent with US EPA62 and WHO63 assessments. This
assumption may under- or over-estimate the relative PM2.5 bur-
den contributions from select sectors provided they contribute to
more or less toxic components of total PM2.5 mass. We addi-
tionally note that by simultaneously reducing emissions across all
geographic regions, this study did not explicitly investigate
national contributions from long-range or regional transport11,64.
As the implementation of mitigation policies is typically con-
strained to political borders, specific policies may need to con-
sider the regional influence on local pollution levels. We lastly
note that results from the sensitivity simulations (Methods) lar-
gely reflect changes in PM2.5 mass associated with the complete
elimination of each individual emission source. Therefore, the
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same relative contributions may not be expected from studies that
test more moderate reduction strategies or simultaneous reduc-
tions of multiple sources (Supplementary Text 8).

The comprehensive nature of our analysis provides detailed
source information to inform PM2.5 mitigation strategies and pro-
vides potential health benefit estimates to further motivate action.
Results show that residential, energy, industry, and total dust
sources are among the largest contributing sectors to the global
PM2.5 disease burden, while the relative contributions from indi-
vidual sources and fuels vary at the national and sub-national levels.
Roughly 1 million deaths could be avoided by the global elimination
of fossil-fuel combustion, with 20% of this burden associated with
fossil-fuel use in China and India alone (Fig. 2). Despite recent
global reductions in air pollutant emissions from coal, this fuel was
still the dominant contributing combustible fuel type to the PM2.5

disease burden in 20 countries, including China and countries
throughout Southern Sub-Saharan Africa and Central Europe
(Fig. 4). The use of solid biofuel was a primary source of emissions
from the residential sector and was the dominant contributing
combustible fuel in 78 countries, especially throughout the tropics
(Fig. 4). While natural sources of PM2.5 mass dominantly con-
tributed in more arid regions (Fig. 3), countries with the greatest
PM2.5 disease burden generally had the largest relative contributions
from anthropogenic sources, demonstrating a clear path towards
attaining global air quality improvements.

Methods
This study integrates newly available high-resolution satellite-derived PM2.5

exposure estimates, CRFs from the 2019 GBD, and fractional source contribution
results from 24 emission sensitivity simulations to provide the most comprehensive
global source contribution results to-date. This work also provides global estimates
of PM2.5-attributable deaths from the use of coal, O&NG, and solid biofuel. The
following sections describe the details of the high-resolution PM2.5 exposure esti-
mates, attributable disease burden calculations, set-up and evaluation of the che-
mical transport model, sector- and fuel-specific emissions dataset, and fractional
simulated source contribution calculations. A schematic of this overall process is
provided in Supplementary Text 9 and Supplementary Fig. 8.

High-resolution PM2.5 exposure estimates. To maintain consistency with the
GBD project, while also improving the accuracy of the population-exposure esti-
mates, we downscale the 2019 GBD exposure estimates1,47,48 to a 0.01° × 0.01°
(~1 km × 1 km) grid using a newly available high-resolution PM2.5 dataset from
Hammer et al.43. Supplementary Text 10 (Supplementary Fig. 9) describes this
process of spatial downscaling by incorporating the spatial information from the
Hammer et al.43 product. This downscaling process is independent of the modeled
fractional source contribution results and maintains the average PM2.5 mass con-
centration (area average only) from the original GBD product. The sensitivity of
the PM2.5 exposure estimates to the downscaling process are evaluated in Sup-
plementary Text 10 and Supplementary Fig. 10. Exposure estimates for the year
2019 were derived using these same methods with both GBD and Hammer et al.43

data for the year 2019.

National-level PM2.5 disease burden. The total disease burden from six mortality
endpoints and two neonatal disorders associated with exposure to annual average
outdoor PM2.5 mass (from the downscaled GBD-product) was calculated following
a similar methodology as the 2019 GBD project1. First, Eq. (1) was used to derive
cause-specific population attributable fractions (PAFs) for each endpoint using
national-level PM2.5 concentrations (population-weighted) from the downscaled
GBD exposure estimates and recently updated relative risk curves (RR*), derived
using a Meta Regression-Bayesian, Regularized, Trimmed (MR-BRT) spline from
the 2019 GBD (Supplementary Fig. 2)1. MR-BRT curves use splines with Bayesian
priors, which avoids using relative risk estimates for active smoking, previously
necessary to avoid over-estimation of risks at high exposure levels. These meta-
regressions were applied to the latest observational cohort and case-control studies
of mortality or disease incidence from outdoor PM2.5 pollution cohort and case-
control studies; cohort, case-control, and randomized-controlled trials of house-
hold use of solid fuel for cooking; as well as cohort and case-control studies of
secondhand smoke.

PAFage; disease; country ¼ 1� 1

RR*
age; disease; ½PWM PM2:5 �country

ð1Þ

Consistent with the 2019 GBD, the resulting RR* (or CRF) values from the
MR-BRT splines in Eq. (1) are gender-independent and describe the excess risk of

non-accidental mortality from adult (25 years and older) IHD, Stroke, COPD, LC,
DM, and childhood and adult (under 5 years and 25 years and older) acute LRIs.
Consistent with the 2019 GBD, RRs* for each disease in Eq. (1) are also a function
of annual PWM PM2.5 mass exposure in each country and the difference between
this exposure level and the Theoretical Minimum Risk Exposure Level (TMREL).
The TMREL in this work, as in the GBD2019, is assumed to have a uniform
distribution ranging between 2.4 and 5.9 μg m−3. Thus, RR*= RR(age, PWM
PM2.5)/RR(age, TMREL). RR* values were also stratified by quinquennial age
group (25–29, …, 95+), with age-specific RR* values applied to IHD and stroke
outcomes. In contrast, age-independent RR*s were applied to the other health
outcomes (age group 25 and over for COPD, LC, and type II DM, and the
combined age groups under 5 and 25 and over for LRI). Supplementary Fig. 2
provides an illustration of select RR* (or CRF) values for these diseases as a
function of annual PM2.5 mass exposure, as well as the CRFs for two neonatal
disorders, which include the number of preterm (PTB; gestational age less than
37 weeks) and low birth weight (LBW; below 2.5 kg) incidences. The 95% CI for the
CRF values was determined from the distribution of 2000 randomly selected values
of the TMREL.

As shown in Eq. (2), the PAFs for each age group, disease, and country were
then multiplied by the age- and country-specific baseline mortality data for each
disease and summed over all relevant age groups (m) and diseases (n) to obtain the
total national-level PM2.5 burden associated with exposure to both outdoor and
household (indoor) PM2.5 mass. National cause- and age-specific baseline mortality
data for the years 2017 and 2019 were extracted from the GHDx database65. The
national-level baselines for PTB and LBW were calculated from the 2019 GBD
statistics of the number of annual live births and the percentage of LBW and PTB
cases at the national and regional levels66,67.

PM2:5 Attributable Mortalitycountry ¼ ∑
n

disease
∑
m

age
PAFage; disease; country

´Baseline Mortalityage; disease; country

ð2Þ

Finally, to separate the contributions from outdoor and indoor household co-
exposure, the national-level total PM2.5 attributable mortality values from Eq. (2)
were scaled using Eq. (3) to account for the risk of co-exposure to household air
pollution included in the CRFs. Country-specific adjustment factors were derived
from a comparison of national-level burdens in Eq. (2) to those derived for outdoor
exposure only in the 2019 GBD study. As a result of these adjustments, the PM2.5

attributable mortality and source contribution results presented in this analysis
reflect contributions from indoor sources of air pollution (e.g., biomass combustion
for residential heating and cooking) to the extent that they impact ambient PM2.5

concentrations.

Outdoor PM2:5 Attributable Mortalitycountry ¼ PM2:5 Attributable Mortalitycountry

´Adjustment Factorcountry

ð3Þ
The overall approach described here generally follows that of the 2019 GBD, but

deviates in part by calculating national-level PAFs rather than PAFs for each grid
cell, and by using publicly available national baseline data from the IHME65, rather
than both national and sub-national baseline estimates. We find that the aggregate-
country level method used in this work is consistent to within 5% of the grid-cell
methodology used in the GBD.

As discussed in Supplementary Text 2, we also calculate the PAFs for each
PM2.5-disease pair (plus two neonatal disorders) using an updated version of the
GEMM44. To aid in the comparison with GBD2019 CRF estimates, the original
GEMM was updated to include CR curves for Type-II Diabetes, PTBs, and LBWs
as well as newly available observational studies (described in Supplementary
Text 2). For the neonatal outcomes, only the number of PTB and LBW cases were
estimated, whereas the 2019 GBD estimated neonatal death mediated by the impact
of PM2.5 on birthweight and short gestation. As the GEMM is exclusively
developed from studies of outdoor PM2.5 exposure, total outdoor PM2.5 attributable
deaths in Supplementary Data 1 and 2 were taken directly from Eq. (2) and did not
require scaling factors to remove the risk associated with indoor PM2.5 exposure.

Simulated fractional sector and fuel-type contributions. Fractional sector and
fuel-specific contributions were derived from a series of emission sensitivity
simulations, using the 3D GEOS-Chem chemical transport model46. As described
in Supplementary Text 3, we used the GEOS-Chem v12.1.0 source code, updated to
account for scientific updates to physical deposition, reactive nitrogen chemistry,
and surface emissions (https://github.com/emcduffie/GC_v12.1.0_EEM). Model
simulations were run from December 2016 to January 2018 to allow for one month
of spin-up. The model was run globally at a resolution of 2° × 2.5° and was sup-
plemented with three nested simulations with resolutions of 0.5° × 0.625° over
North America, Europe, and Asia.

Gridded emission datasets are the backbone of any modeling source
contribution study. In this work, we leverage a newly developed emissions dataset
developed from the Community Emissions Data System that has been updated for
the GBD-MAPS project (https://sites.wustl.edu/acag/datasets/gbd-maps/)6. This
dataset provides global gridded (0.5° × 0.5°) emissions of key PM2.5 components
(black and organic carbon) and gas-phase precursors from 11 individual
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anthropogenic source sectors and multiple fuel types for the year 2017.
Supplementary Fig. 6 illustrates these global emissions as a function of source
sector and chemical compound. Additional emission inputs used for model
sensitivity simulations largely include those from fires (forest fires and agricultural
waste burning)68, biogenic sources, and anthropogenic69 and windblown dust.
Supplementary Text 5 provides further emission details.

In source sensitivity simulations, it remains vital to evaluate the model’s ability
to predict total PM2.5 concentrations as well as regional chemical production
regimes. Comparisons to total PM2.5 mass provide confidence in the model’s ability
to accurately simulate total mass production. Additional comparisons to PM2.5

chemical components imply accuracy in the model’s ability to capture PM2.5

formation chemistry and provide confidence in the model’s ability to accurately
predict chemical changes in response to specific emission scenarios. In this work,
we evaluated the base GEOS-Chem simulation (including all emission sources)
against all available long-term surface observations of both PM2.5 mass and its
chemical composition. As described in Supplementary Text 4, the observational
dataset was compiled from more than 10 long-term observation networks and over
4000 individual sites (Supplementary Figs. 4 and 5a).

The comparisons in Supplementary Fig. 5 indicate that individual components
in the base GEOS-Chem simulation agree to within −0.3 to 0.6 μg m−3 of the
observed annual average concentrations for all PM2.5 chemical components. These
observations (N < 230) were largely limited to North America, Europe, and China,
however, Supplementary Fig. 5 also demonstrates the large improvement in the
long-standing bias of aerosol nitrate in our updated version of the GEOS-Chem
model70 relative to the default version. Supplementary Fig. 5 also demonstrates
relative improvements in the updated model in concentrations of sulfate,
ammonium, and dust. In terms of total PM2.5 mass, Supplementary Fig. 10a shows
that the base model predictions were consistent with the 2017 observations (NMB
of +5%, and correlation (r) of 0.89).

For the 24 individual emission sensitivity simulation sets (1 global+3 nested
per set), we employed a zeroing out (brute force) method20,36–38, where fractional
PM2.5 mass contributions from each source were calculated from simulations that
systematically remove individual source sectors or fuel-specific emissions.
Supplementary Table 2 provides a detailed list of the 24 individual sensitivity tests.
Resulting simulated spatially resolved PM2.5 mass contributions from each source
category were calculated following Eq. (4) and Eq. (5), where simulated gridded
total PM2.5 mass concentrations from each sensitivity study were first compared to
the total gridded PM2.5 mass in the base simulation (4), and then were compared to
the sum of PM2.5 mass from all j simulations (5) to calculate the gridded fractional
contributions.

PM2:5

� �
source¼ PM2:5

� �
base simulation� PM2:5

� �
source sensitivity simulation ð4Þ

ð%PM2:5Þsource ¼
PM2:5

� �
source

∑
24

j¼1
PM2:5

� �
j

ð5Þ

Lastly, Eq. (6) was used to calculate the fractional source contributions to PWM
PM2.5 mass in 200 sub-national areas, 204 countries, 21 world regions, and for the
global average. First, absolute contributions from each source were calculated from
the product of the spatially resolved fractional PM2.5 source contributions from
Eq. (5) and the spatially resolved downscaled GBD exposure estimates from Fig. 1,
averaged over i grid boxes and weighted by the total population in a given region or
country. Fractional contributions were then calculated by dividing these absolute
source contributions by the total PWM PM2.5 concentration in a given region,
country, or area. In Eq. (6), variable i represents individual grid boxes to
distinguish the use of spatially resolved vs. spatially averaged products. Population-
weighted fractional source contributions were calculated at the spatial resolution of
the GEOS-Chem model. Supplementary Data 1 and 2 provide the resulting
population-weighted fractional source contributions from Eq. (6).

ð%ContributionÞsource ¼
∑
n

i¼1
ð%PM2:5Þsourcei ´ ½GBD PM2:5�i ´ populationi

∑
n

i¼1
populationi

, ∑
n

i¼1
½GBD PM2:5�i ´ populationi

∑
n

i¼1
populationi

ð6Þ
Following the approach of previous studies20,37, fractional contributions from

Eq. (6) are then applied to national-level PM2.5 exposure levels (population-
weighted) and total disease burden estimates (provided in Supplementary Data 1
and 2) to calculate the absolute contributions from each source (reported in the
Main Text). This method eliminates the sensitivity of the burden calculation to the
order in which emission sectors are removed in model sensitivity simulations.

Data availability
Supplementary Data files 1 and 2 provide the global, regional, national, and sub-national
fractional sector and fuel contributions to PM2.5 mass and disease burden for the year
2017. Supplementary Data files 1 and 2 also provide the total disease burden estimates
determined by the GBD2019 and GEMM CRFs and the fractional disease-specific
contributions to each (Supplementary Data 1 only). Supplementary Data 3 provides the
2019 PM2.5 exposure estimates. A data visualization tool for all Supplementary Data is

available at: https://gbdmaps.med.ubc.ca/. Gridded model fractional source contribution
results are available at: https://zenodo.org/record/4739100. CEDSGBD-MAPS emissions
data are available at: https://zenodo.org/record/3754964. Input datasets required for this
analysis (including high-resolution exposure estimates and GBD baseline burden data
and CRFs) are available at: https://zenodo.org/record/4642700.

Code availability
The GEOS-Chem model source code used for sensitivity simulations is available at:
https://github.com/emcduffie/GC_v12.1.0_EEM and https://zenodo.org/record/4718622.
The CEDS source code used to develop the global emissions dataset is available at:
https://github.com/emcduffie/CEDS and https://doi.org/10.5281/zenodo.3865670. The
analysis scripts used in here are available at: https://github.com/emcduffie/GBD-MAPS-
Global and https://zenodo.org/record/4718618.
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 2 

Additional Supporting Tables and Figures 

This supplementary information file describes the details of the analysis configuration. A key 

objective of including these details is to promote transparency and reproducibility. In this work, 

world countries and regions follow those used in the Global Burden of Disease (GBD) Project, as 

shown in Supplementary Table 1.  

 

Supplementary Table 1. Member countries and territories of the 21 GBD world regions. 
GBD Region Member Countries    

Asia Pacific, High Income Brunei Darussalam Japan South Korea Singapore 

Asia, Central Armenia Azerbaijan Georgia Kazakhstan 

 Kyrgyzstan Mongolia Tajikistan Turkmenistan 

 Uzbekistan    

Asia, East China Taiwan (Province of China)    

North Korea (Democratic People’s Republic of Korea)    

Asia, South Bangladesh Bhutan India Nepal 

 Pakistan    

Asia, Southeast Cambodia Indonesia Malaysia Maldives 

 Mauritius Myanmar Philippines Sri Lanka 

 Seychelles Thailand Timor-Leste Vietnam 

 Laos (Loa People’s Democratic Republic)    

Oceania American Samoa Cook Islands Fiji Guam 

 Kiribati Marshall Islands Nauru Niue 

 Palau Papua New Guinea Samoa Solomon Islands 

 Tokelau Tonga Tuvalu Vanuatu 

 Federated States of Micronesia  Northern Mariana Islands  

Australasia Australia New Zealand   

Caribbean The Bahamas Barbados Belize Bermuda 

 Cuba Dominica Dominican Republic Grenada 

 Guyana Haiti Jamaica Puerto Rico 

 Saint Lucia Suriname Antigua and Barbuda Saint Kitts and Nevis 

 Trinidad and Tobago US Virgin Islands Saint Vincent and the Grenadines  

Europe, Central Albania Bulgaria Croatia Czech Republic (Czechia) 

 Hungary North Macedonia Montenegro Poland 

 Romania Serbia Slovakia Slovenia 

 Bosnia and Herzegovina    

Europe, Eastern Belarus Estonia Latvia Lithuania 

 Republic of Moldova Russian Federation Ukraine  

Europe, Western Andorra Austria Belgium Cyprus 

 Denmark Finland France Germany 

 Greece Iceland Ireland Israel 

 Italy Luxembourg Malta Monaco 

 Netherlands Norway Portugal San Marino 

 Spain Sweden Switzerland United Kingdom 

North America, High Income Canada Greenland United States  

Latin America, Andean Bolivia (Plurinational State of)  Ecuador Peru 

Latin America, Central Colombia Costa Rica El Salvador Guatemala 

 Honduras Mexico Nicaragua Panama 

Venezuela (Bolivarian Republic of)    

Latin America, Southern Argentina Chile Uruguay  

Latin America, Tropical Brazil Paraguay   

North Africa / Middle East Afghanistan Algeria Bahrain Egypt 

Iraq Jordan Kuwait Lebanon 

Libya Morocco Palestine Oman 

Qatar Saudi Arabia Sudan Syrian Arab Republic 

Tunisia Turkey Yemen United Arab Emirates 

Iran (Islamic Republic of)  
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Sub-Saharan Africa, Central Angola Congo Equatorial Guinea Gabon 

Central African Republic Democratic Republic of the Congo   

Sub-Saharan Africa, Eastern Burundi Comoros Djibouti Eritrea 

Ethiopia Kenya Madagascar Malawi 

Mozambique Rwanda Somalia South Sudan 

Uganda Zambia United Republic of Tanzania  

Sub-Saharan Africa, South 

 

Botswana Lesotho Namibia South Africa 

Eswatini Zimbabwe   

Sub-Saharan Africa, 

Western 

 

Benin Burkina Faso Cameroon Cape Verde 

Chad Cote d’Ivoire The Gambia Ghana 

Guinea Guinea-Bissau Liberia Mali 

Mauritania Niger Nigeria Senegal 

Sierra Leone Togo Sao Tome and Principe  

 

 

 
Supplementary Figure 1. PM2.5 Disease Burden Comparison for India and China. (A) 

GBD2019 background baseline mortality data as a function of population age and disease. (B) 

GBD2019 concentration response functions (same as Supplementary Figure 2), with dashed lines 

showing population weighted mean PM2.5 concentrations for China and India. (C) Total PM2.5 

attributable deaths in China and India as a function of disease. 
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Supplementary Text 1. 2019 Exposure Estimates – Additional Details 

Following the downscaling procedure described in the Methods (and Supplementary Text 9), we 

apply high-resolution (gridded at ~1 km  ~1 km) exposure estimates for the year 2019 

(weighted by 2019 gridded population1) to the GBD2019 CRFs with 2019 baseline mortality 

data to assess changes in the estimated disease burden between 2017 and 2019. Disease burden 

estimates are independent from model emission sensitivity simulations and do not require 

changes or projections in emissions. In both years, the same nine countries were estimated to 

have largest number of PM2.5 attributable deaths, though the annual number of deaths in each 

country was larger in 2019 than 2017, except for in Russia. Similarly, annual population-

weighted mean (PWM) PM2.5 concentrations also increased in each of these top nine countries, 

except for in China and the United States. The complex relationship between annual national 

PM2.5 concentrations and resulting attributable deaths highlights the importance of multiple 

factors in disease burden estimations. For neonatal disorders, the incidence associated with 

outdoor PM2.5 exposure totaled to 2.07 (95% CI: 0.02-5.02) million worldwide, which increased 

marginally to 2.09 (95% CI: 0.02-5.06) million in 2019. At the sub-national level, the top four of 

the 200 select areas with the highest PM2.5 concentrations (Singrauli, Kanpur, Sitapur, and 

Ahmedabad, India) all experienced increases in PWM PM2.5 mass, persisting at levels between 

14 and 16 times greater than the WHO annual average guidelines. Of the 200 sub-national areas, 

45% experienced no change or an increase in PWM PM2.5 concentration between 2017 and 2019. 

The area surrounding Pune, India had the largest absolute increase from 57 to 63.2 g m-3, while 

the area surrounding Xingping, China had the largest absolute decrease from 68.4 to 60.1 g m-3. 

These changes serve to identify potential locations with effective mitigation strategies or those 

locations with the most to gain from pollution reductions. Supplementary Data 3 provides the 

PWM values for the global area, each of the 21 world regions, 204 countries, and 200 sub-

national areas. 

 

Supplementary Text 2. GEMM Sensitivity Study – Additional Details 

As an alternative to the GBD estimates, previous global studies have used the GEMM. The 

GEMM exclusively incorporates risk information from cohort studies of outdoor air pollution 

(41 cohorts from 16 countries)2 on non-accidental mortality and was highly sensitive to one 

particular cohort of Chinese men3 in the original version. Another feature of the GEMM is that 
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its non-accidental mortality estimate suggests a larger impact of PM2.5 exposure on mortality 

than the sum of cause-specific attributable mortality estimates. As new evidence on links 

between PM2.5 and other (e.g., chronic kidney disease, dementia) causes of death emerge, this 

difference between cause-specific and all-cause (non-accidental) attributable mortality will 

decrease.  

Application of the GEMM-based disease-specific estimates to the disease burden, 

however, should also be employed with caution. As further discussed in Hystad, et al. 4 the 

GEMM is based on analyses of non-accidental mortality primarily derived from epidemiologic 

studies conducted in high-income countries. When applied to disease burden estimates, this 

assumes similar distributions of causes of death, including the relative proportion of the specific 

diseases linked to air pollution and the population age distribution in high-income countries as in 

low and middle-income countries. This leads to uncertainty since the relative frequencies of the 

various causes of deaths differ markedly between countries of the world. In particular, 

application to Africa and South Asia is likely to lead to substantial uncertainty. As the GBD2019 

CRFs are derived directly from studies of specific diseases, they can be more reliably applied to 

disease-specific mortality rates across countries. Other sources of uncertainty such as the 

assumptions of equitoxicity, variation in e.g., healthcare access and quality and population 

characteristics, and extrapolation to concentrations beyond those included in epidemiologic 

studies are common to the application of both the GBD2019 CRFs and the GEMM.  

To address some of these uncertainties, the GEMM CRFs in this work were updated as 

described in the Methods to include the same ambient PM cohort studies that are inputs to the 

GBD2019 CRFs and to add functions for diabetes and reproductive outcomes. Supplementary 

Figure 2 compares the disease-specific CRFs for the GBD2019 and updated GEMM. With these 

updates, and when restricted to the five NCDs +LRI that are included in the GBD2019 CRFs, 

2017 global GEMM attributable mortality estimates were lower than previous GEMM estimates 

for 2015 when only the four NCDs +LRI were included (6.2 million vs 6.9 million)2. Globally, 

the updated GEMM CRFs estimated a PM2.5 attributable burden of 6.2 (95% CI: 4.4 to 7.8) 

million deaths in 2017. While satellite-based estimates have shown a recent decreasing trend in 

PWM PM2.5 mass across East Asia, Europe, and the Eastern U.S.5, a detailed analysis of 

differences (temporal trends vs. methodological differences) between the original and updated 

GEMM estimates is outside the scope of this work.  
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Supplementary Figure 2. Concentration response functions for the GBD2019 and updated 

GEMM. Solid Lines: GBD2019 CRFs, Dashed Lines: updated GEMM. Line colors correspond 

to the central values of eight disease-response pairs. For illustrative purposes, response curves for 

IHD and Stroke correspond to the 60-64 age group, COPD, LC, and DM responses are for all ages 

over 25 years, and LRIs are for ages under 5 years and greater than 25 years. Preterm births are at 

a gestational age less than 37 weeks (PTB) and weights below 2.5 kg (LBW). For illustrative 

purposes, the insert highlights the relative risks at exposure levels less than 25 g m-3.  

 

Supplementary Figure 3 shows the relative disease-specific contributions from both the 

updated GEMM and GBD2019 CFRs for 21 world regions (A, C), and the top 20 countries with 

the largest number of attributable deaths (B, D). S1-Fig. 2 shows that the relative disease 

contributions predicted by the updated GEMM were similar to those from the GBD2019 CRFs. 

For example, both predict that the largest number of attributable deaths at the global scale were 

from IHD, and then in decreasing order from Stroke, COPD, LRI, LC, and DM. The absolute 

number of attributable deaths, however, were nearly always larger from the GEMM 

(Supplementary Data 1).  Two exceptions were for North America and Australasia. These 

regions had the lowest PWM PM2.5 concentrations and the difference in relative predictions 

reflect the lower relative risks for IHD, Stroke, and Diabetes in the updated GEMM at PM2.5 

concentrations below 10 g m-3 (Supplementary Figure 2).  As a result of these and other 

differences in the CRFs, the GEMM and GBD2019 CRFs also predicted different relative 
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rankings of the top 20 countries. Supplementary Figure 3b and d show that both the GBD2019 

CRFs and GEMM predicted the same top two countries (China and India), but that the relative 

rankings for the next 18 countries differ. In addition to ranking differences, the GBD2019 CRFs 

also included Thailand (16th), Poland (19th), and Germany (20th) in the top 20 countries, while the 

GEMM alternatively predicted that Myanmar (12th), North Korea (17th), and Nepal (20th) ranked 

in the top 20. This comparison closes a portion of the gap between previous GEMM and GBD 

disease burden results, however, the accuracy of both estimates are dependent on the availability 

of robust and high-resolution exposure data, particularly in high exposure areas.  
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Supplementary Figure 3: Normalized disease contributions to total attributable mortality in 2017 for 21 world regions (A, C) 

and 20 countries (B, D) with the highest outdoor PM2.5 disease burden. Panels show results estimated using the GBD2019 CRFs (A, 

B) and the updated GEMM (C, D). Bar charts show the relative contributions of six PM2.5-disease pairs to regional and national-level 

outdoor PM2.5 attributable deaths, sorted by decreasing number of deaths. The number of LBW and PTB incidences are included in 

Supplementary Data 1. PWM PM2.5 concentrations and number of attributable deaths are additionally provided for each region/country. 

Relative amounts are illustrated by relative dot sizes (except for the global total disease burden). Red dots indicate regions/countries 

with PM2.5 exposure levels equivalent or larger than the global average. 
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Supplementary Text 3. Global Model Details 

PM2.5 source sensitivity simulations for the year 2017 are shown in Supplementary Table 2 and 

are conducted with the GEOS-Chem 3D atmospheric chemical transport model6. The GEOS-

Chem model solves for the evolution of atmospheric aerosols and gases using meteorological 

data, global and regional emission inventories, and algorithms that represent the physics and 

chemistry of atmospheric processes. Global simulations are conducted from December 2016 to 

January 2018 (1-month spin-up) at 22.5 horizontal resolution and 47 vertical layers. Global 

simulations are supplemented with three additional one-way nested simulations at 0.50.625 

horizontal resolution that cover North America (10 N – 70 N, 140 W – 40 W), Europe (30 N 

– 70 N, 30 W – 50 E), and China and Southeast Asia (11 S – 55 N, 60 E – 150 E)7. Each 

simulation is driven by assimilated meteorological data from the Goddard Earth Observing 

System from the NASA Global Modeling and Assimilation Office (GMAO). We use the 

MERRA-2 historical reanalysis product, archived at a 3-hour temporal resolution for 3D fields 

and 1-hour for 2D fields. The transport and chemistry timesteps are set to 10 and 20 minutes 

respectively, to optimize simulation accuracy and computational efficiency8.  

In this work, we use the GEOS-Chem ‘tropchem’ chemical mechanism that includes 

coupled aerosol-oxidant chemistry in the troposphere and stratosphere. The gas-phase 

mechanism includes detailed HOx-NOx-VOC-ozone chemistry6, coupled to aerosol chemistry 

for inorganic sulfate-nitrate-ammonium aerosol9,10, as well as carbonaceous (black and organic 

carbon) aerosol10,11, sea salt12, and dust13,14. Relative humidity dependent aerosol size 

distributions and optical properties are based on the Global Aerosol Data Set15,16, with updates 

for organics and secondary inorganics from observations17,18, mineral dust14,19,20, and absorbing 

brown carbon21. Aerosol thermodynamic partitioning between sulfate-nitrate-ammonium is 

computed with the ISORORPIA II thermodynamic model22, while the BC mechanism is 

described by Wang, et al. 10. We use the simple, irreversible, direct yield scheme for secondary 

organic aerosol (SOA) from Kim, et al. 11, as this mechanism has been shown to better reproduce 

available observations of global organic aerosol mass relative to the more complex scheme23. For 

physical processes, GEOS-Chem uses the TPCORE advection algorithm24 and computes 

convective transport from the convective mass fluxes in the meteorological data, as described by 

Wu, et al. 25. In this work, boundary layer mixing uses the non-local mixing scheme as 

implemented by Lin and McElroy 26.  
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The core source code for this work is GEOS-Chem v12.1.027, released Nov. 2018. To 

correct a long-standing bias in nitrate aerosol concentrations28,29, the v12.1.0 source code has 

been updated here as part of the Global Burden of Disease – Major Air Pollution Sources project 

(https://sites.wustl.edu/acag/datasets/gbd-maps/). The code is available on GitHub: 

https://github.com/emcduffie/GC_v12.1.0_EEM. Major updates follow literature 

recommendations and include an updated parameterization for the heterogeneous uptake of N2O5 

from McDuffie, et al. 30, the added heterogeneous production of ClNO2 following Shah, et al. 31 

and recommended ClNO2 yield reductions from McDuffie, et al. 32, a reduction in the deposition 

of HNO3 under cold conditions following Shah, et al. 31, as well as an update to the wet 

deposition scheme following recommendations in Luo, et al. 29. In addition to the updates 

described in Luo, et al. 29, the rate of SO2 removal in clouds is also reduced, and the rainout 

efficiencies for hydrophilic OC and BC species are reduced by 50% following recent 

recommendations33. These and additional minor code updates are described in the GitHub 

README file.  

To evaluate the impact of these model updates, Supplementary Figure 5b shows a bar 

chart of the normalized mean bias (NMB) in the simulated global annual averages of aerosol 

nitrate, sulfate, ammonium, total organic carbon, black carbon, fine dust, and sea salt in the 

default v12.1.0 GEOS-Chem source code and the updated model, compared to annual average 

observations (described in Supplementary Text 4). As shown in Supplementary Figure 5b, the 

mechanistic model updates described above reduce the NMB in the updated GEOS-Chem 

simulated concentrations of aerosol nitrate from 2 µg/m3 to 0.5 µg/m3 relative to observed 

values. Model updates additionally improve the model-observation agreement of ammonium, 

black carbon, and dust compared to the default model. In contrast, the negative bias in sea salt is 

enhanced in the updated base simulation relative to the default source code. The annual PWM 

mass concentrations of each observed compound are additionally provided in Supplementary 

Figure 5b (gridded population from the Gridded Population of the World Database1). These 

indicate that the smallest model NMB’s are found for the compounds that contribute to the 

largest fraction of total PM2.5 mass. As further shown in the right panel of Supplementary Figure 

5b, there is general agreement in the fractional contributions of each chemical compound to total 

PM2.5 mass, providing confidence in the model’s ability to accurately predict changes in the 

chemical production of PM2.5 under various emission sensitivity simulations.   

https://sites.wustl.edu/acag/datasets/gbd-maps/
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Lastly, total PM2.5 mass concentrations are calculated using modeled output mass 

concentrations of aerosol nitrate (NO3
-), sulfate (SO4

2-), ammonium (NH4
+), sea salt, dust, 

organic mass, and black carbon, as described in the analysis scripts package 

(https://github.com/emcduffie/GBD-MAPS-Global).  In this work, spatially gridded annual total 

PM2.5 mass concentrations are calculated by averaging monthly PM2.5 concentrations. National-

level PM2.5 concentrations are averaged over the grid cells within each country’s geographical 

borders.  

 

Supplementary Text 4. Observational PM2.5 Dataset for Model Evaluation 

Evaluation of base model performance is a vital component of any analyses that derives results 

from modeled emission sensitivity simulations. In this work, the base 2017 GEOS-Chem PM2.5 

simulation and downscaled PM2.5 exposure estimates (Fig. 1) are evaluated against a dataset of 

annual-average surface observations of total PM2.5 mass and PM2.5 chemical composition (where 

available). This section describes methods used to develop this observational dataset.  

Supplementary Figure 4 provides a map of the individual measurement sites in this 

dataset, colored by their measurement networks. More extensive sampling and analysis details 

are reported from the North American networks than those from other regions, which have larger 

uncertainties due to a lack of consistent reporting on sampling and analysis protocols 

(particularly for EMEP and WHO datasets). Based on available reported metadata, some 

networks also provide mass concentrations derived from multiple sampling and analysis 

methods. Here we attempt to reduce sampling differences by selecting for consistent analysis 

methods between sites and networks when this information is available (described in detail 

below). Observational data also include uncertainties in the amount of aerosol water assumed in 

the gravimetric analysis of PM2.5 and degree of volatilization of PM2.5 and its chemical 

components (particularly ammonium nitrate and organics) during sampling and/or filter 

transport. Uncertainties in these observational datasets should be considered when comparing to 

modeled results.  

https://github.com/emcduffie/GBD-MAPS-Global
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Supplementary Figure 4: Map of 2017 long-term PM2.5 sampling stations. Symbol colors and 

shapes reflect individual monitoring networks. This figure includes sites that are used both for the 

total PM2.5 mass and speciated PM2.5 mass model evaluations. 

 

The following sub-sections describe the individual networks that provide long-term 

measurements of PM2.5 total mass and/or PM2.5 chemical components. Estimates of PM2.5 

chemical composition in 2017 are available for a more select number of sites than total PM2.5 

mass, as shown in Supplementary Figure 5a. These sites are primarily in populated regions 

throughout North America, Europe, select sites in China, and 5 international sites through the 

SPARTAN network34,35. Data from the SPARTAN network and the compiled speciated 

inventory for China are used for the speciated comparison in Supplementary Figure 5b and are 

not used in Fig. 1. Annual average values from each site are calculated from the calculated 

monthly averages. Dataset development details can be found in the analysis scripts package at: 

https://github.com/emcduffie/GBD-MAPS-Global. 

https://github.com/emcduffie/GBD-MAPS-Global
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Supplementary Figure 5: Evaluation of default and updated base model simulation of PM2.5 

chemical components. (A) map of available long-term surface observations of PM2.5 chemical 

components. (B) Bar plot of the normalized mean bias between the simulated and observed 

concentrations of individual PM2.5 components (nitrate, ammonium, sulfate, organic aerosol, black 

carbon, dust, and sea salt). Light bars represent the values from the default v12.1.0 GEOS-Chem 

model. Darker bars show results from the updated model source code used here. Population-

weighted average observed concentrations of each component are also provided. Pie charts 

illustrate the fractional distribution of PM2.5 components from the updated model (top) and the 

observations (bottom).  
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WHO (World Health Organization) Compilation – Global  

The World Health Organization has compiled an extensive database of annual-average 

surface-level PM2.5 concentrations from around the world. In this work, these data are 

downloaded from https://www.who.int/airpollution/data/cities/en/. Only direct PM2.5 

measurements are used here, not those calculated from PM10 measurements (as in the GBD 

exposure calibration procedure), due to uncertainties in this conversion. This dataset is filtered 

to only include annual average measurements from 2017 for sites that report at least 75% 

measurement coverage. Data sources are available in the downloaded dataset, but 

measurement methods and analysis techniques are not readily available for the reported 

observations. We assume that data are reported at 35% RH and at local temperature and 

pressure. Observations from other regional networks may also be included in this compiled 

dataset, especially over North America and Europe. To ensure that these sites are not double 

counted in the model evaluation, we remove sites from the WHO dataset that are within 0.1 

of other network sites. 

US Embassy Measurements – Global  

The U.S. Department of State collects air quality monitoring data from U.S. embassies and 

consulates around the world and has partnered with the U.S. Environmental Protection 

Agency to report data at AirNow.gov. Hourly observations from Beta-Attenuation Monitors 

(BAMs) are available for 28 sites in 2017 (55 sites by 2020). Hourly data for each site are 

downloaded from: https://www.airnow.gov/international/us-embassies-and-consulates. In 

this work, hourly raw concentrations are averaged into annual values and filtered to remove 

sites with <75% temporal data coverage. We assume that data are reported for local 

conditions (ambient pressure and temperature) and 35% RH. 

CNEMC (China National Environmental Mentoring Centre) – China  

The government of China has facilitated the deployment of nearly 2000 sites that measure 

PM2.5 mass and its chemical composition. At the time of this study, only total PM2.5 mass 

concentrations were publicly available. Data can be downloaded from: 

http://www.cnemc.cn/en/ and are available from May 2014 onward. Both Thermo Fisher 

Tapered Element Oscillating Microbalance (TEOM) 1405F analyzers and BAMs are used for 

continuous sampling of PM2.5 mass, reported at each site at hourly time resolution. As 

https://www.airnow.gov/international/us-embassies-and-consulates
http://www.cnemc.cn/en/
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described in Wu, et al. 36, both methods use heaters to reduce the humidity in sampled air. 

This heating, however, can lead to mass loss due to the volatilization of PM2.5 components. 

As a result, previous studies have reported lower total PM2.5 mass measurements from 

TEOM instruments relative to US Federal Reference Methods (FRM)37, largely as a result of 

the loss of semi-volatile compounds38 and particularly in cold ambient temperatures39. To 

minimize this potential under-reporting, the 1405F monitoring system additionally measures 

concentrations in the volatilized portion of air, while a smart heater is used with the BAMs to 

minimize heating while also controlling the RH of the sample at 35%36. In this work, we 

assume that all CNEMC mass concentrations are reported at 35% RH and at local 

temperature and pressure, consistent with other networks. Monthly averages for January-

December 2017 are then calculated for each site that reports a complete number of 24 

measurements each day, for at least 20 days each month (~75% temporal coverage each 

month). 

FRM Sites (Federal Reference Method) – United States  

FRM sites follow protocols specified in Appendix L to Part 50 of Title 40 in the United 

States Code of Federal Regulations (CFR) – Reference Method for the Detection of Fine 

Particulate Matter as PM2.5 in the Atmosphere. These sites measure total PM2.5 mass by 

gravimetric analysis of a Teflon collection filter. Samples are collected on a filter for a 24-

hour period every 3rd day, then transported to an analysis facility where filters are allowed to 

equilibrate for a minimum of 24 hours prior to weighing. The temperature and RH must be 

controlled between 20-23C and 30-40%, respectively during the analysis. All data are 

reported at local ambient conditions (pressure and temperature). For this work, FRM data 

were downloaded from: http://views.cira.colostate.edu/fed/QueryWizard/, with additional 

details in the analysis scripts package. Data are saved as monthly averages for all sites with at 

least 10 measurements during the month (8 for February). 

IMPROVE (Interagency Monitoring of Protected Visual Environments) – United States 

Details about the IMPROVE network are reported elsewhere40 and at http://vista.cira. 

colostate.edu/Improve/. IMPROVE sites are generally focused on rural areas and follow the 

same sampling procedures at each site. Briefly, each site has four measurement modules:  

1) Teflon filter for gravimetric mass and X-ray fluorescence (XRF) analysis of trace elements  

2) denuder + Nylon filter for anions by ion chromatography 

http://views.cira.colostate.edu/fed/QueryWizard/
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3) Quartz filter for organic carbon by thermal optical reflectance (TOR) and calculation of 

elemental carbon using HIPS (Hybrid Integrating Plate and Sphere system). 

4) Coarse mode sampler  

Samples are collected for 24 hours, every 3rd day, after which they are transported to 

laboratories for analysis (without controlling for temperature or pressure). Samples are 

allowed to equilibrate for a few minutes prior to sampling. Data are reported at local, ambient 

conditions (pressure and temperature). For this work, IMPROVE data were downloaded 

from: http://views.cira.colostate.edu/fed/QueryWizard/, with additional file formatting details 

listed in the analysis scripts package. Data for each compound are saved as monthly averages 

for all sites with at least 10 daily measurements during the month (8 for February). In this 

work, spatially and seasonally varying OM:OC ratios are used to convert total monthly 

organic carbon measurements to total organic mass. Ammonium is re-constructed from 

sulfate and nitrate ion measurements, assuming pure ammonium nitrate and ammonium 

sulfate in the aerosol phase. Dust is reconstructed from trace elements assuming normal 

oxides in typically occurring soil dust following Supplementary Eq. 1. Sea salt is calculated 

as 1.8*chloride following White 41. Black carbon is taken as elemental carbon. 

 Dust =2.2 × Al + 2.49 × Si + 1.63 × Ca + 2.42 × Fe + 1.94× Ti (S-Eq. 1) 

CSN (Chemical Speciation Network) – United States 

Details about the CSN network are reported elsewhere42. In contrast to IMPROVE, CSN sites 

focus primarily on urban areas and do not use the same sampling instrumentation/methods at 

each site. In general, collection and analysis methods are similar to those listed for the 

IMPROVE network, with the analysis of some species (i.e., organic and elemental carbon) 

following IMPROVE protocols. Similar to IMPROVE, samples are collected for 24 hours, 

every 3rd day. Samples are transported overnight, held at a temperature of  4C to minimize 

sample volatilization. Gravimetric analysis of PM2.5 follows the FRM protocol where the 

samples are allowed to equilibrate for 24 hours prior to analysis and measured in a controlled 

clean room between 20-23C and 30-40% RH. All data are reported at local, ambient 

conditions (pressure and temperature). For this work, CSN data were downloaded from: 

http://views.cira.colostate.edu/fed/QueryWizard/, with additional details in the analysis 

scripts package. Data for each compound are saved as monthly averages for all sites with at 

least 10 daily measurements during the month (8 for February). The final calculation of 

http://views.cira.colostate.edu/fed/QueryWizard/
http://views.cira.colostate.edu/fed/QueryWizard/
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organic mass, black carbon, sea salt, and dust follow the procedures used for IMPROVE 

data, described above. 

NAPS (National Air Pollution Surveillance Program) – Canada  

The NAPS network was designed to provide long-term air quality data across populated 

regions in Canada. The NAPS network includes sites with 24-hour integrated measurements 

of PM2.5 mass and its components every 3-6 days, as well as sites with continuous, hourly 

PM2.5 measurements. Data are available at: http://data.ec.gc.ca/data/air/monitor/national-air-

pollution-surveillance-naps-program/Data-Donnees/2017/?lang=en. In 2017, hourly 

measurements were reported from a variety of instruments including the TEOM, Scientific 

Synchronized Hybrid Ambient Real-time Particulate (SHARP) model 5030, and Met-One 

BAM. Additional integrated PM2.5 zip files contain Excel files for each monitoring site 

across Canada. Integrated daily filters are collected for 24 hours every 3-6 days and are 

allowed to equilibrate in the laboratory prior to sampling. The temperature and humidity are 

controlled during weighing between 20-26C and 37-47% RH, respectively. Some sites have 

a dual Teflon-nylon filter collection system to collect nitrate loss during sampling. Due to 

known losses of ammonium nitrate on Teflon filters, only nitrate data from sites with a dual 

filter cartridge are used in this analysis. For these sites, total nitrate is calculated as the sum 

of nitrate measured by IC from the Teflon filter and nitrate and nitrite collected from the 

Nylon filter and analyzed by IC. Data for each compound are saved as monthly averages for 

all sites with at least 5 daily measurements during the month (4 for February). For continuous 

PM2.5 data, hourly data are also averaged for months with at least 5 sampling days and 24 

hours of valid measurements each day. All data are reported at local, ambient conditions 

(pressure and temperature). In this work, concentrations of organic mass, dust, sea salt, 

nitrate, ammonium, and sulfate are calculated as for the IMPROVE and CSN data, described 

above. Black carbon is calculated from the difference between total carbon and organic 

carbon. 

EMEP (European Evaluation and Monitoring Program) – Europe  

Measurements collected by partner organizations across Europe are reported to the EMEP 

database. Despite standard metadata protocols, lack of consistent compliance has resulted in 

largely unknown sampling methods and analysis protocols for the data available from this 

network. For this work, the EMEP dataset was downloaded from http://ebas.nilu.no, with 

http://data.ec.gc.ca/data/air/monitor/national-air-pollution-surveillance-naps-program/Data-Donnees/2017/?lang=en
http://data.ec.gc.ca/data/air/monitor/national-air-pollution-surveillance-naps-program/Data-Donnees/2017/?lang=en
http://ebas.nilu.no/
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additional details in the analysis script package. Due to limited measurements of silicon, dust 

is not calculated from this dataset. Reported sampling frequencies range from 1 hour to 1-

month. Where metadata is available, measurements have been filtered for data greater than 

reported detection limits. Due to a lack of consistent reporting of meta-data, there are a large 

number of uncertainties in the data from this network including measurement methods, 

sample filter types, or whether data have been corrected to standard or local conditions. Here, 

we assume data are reported in local conditions for consistency in units with national ambient 

air quality standards and do not apply any other filters.  Data for each compound are then 

standardized to a time series of daily averages and saved as monthly averages for all sites 

with at least 4 daily measurements during the month 43. In this work, concentrations of 

organic mass, sea salt, nitrate, ammonium, and sulfate are calculated as for the IMPROVE, 

CSN, and NAPS data, described above. Black carbon is taken as elemental carbon. 

Compiled PM2.5 Mass and Chemical Components - China 

Additional total PM2.5 mass and chemical composition data for select sites in 2017 in China 

have been compiled from literature sources. The data used in this work include 

measurements from 44-48, which report data from 14 measurement locations throughout 

Beijing, Hebei, Zhejiang, Jiangsu, Shaanxi, and Inner Mongolia provinces, collected at 

various times during the period between August 2016 and February 2018. Measurement 

techniques for OC and BC include DRI- Thermal/optical carbon analyzers, while sulfate, 

nitrate, and ammonium measurement methods include IC. Additional sampling and analysis 

details for each study are provided in the above references. Available reported data were 

compiled into annual averages for each measurement site for comparison with model results.  

SPARTAN (Surface Particulate Matter Network) – Global  

An overview of the SPARTAN network is available in Snider, et al. 34, Weagle, et al. 35, and 

McNeill, et al. 49. The SPARTAN network provides publicly available data for PM2.5 total 

mass, chemical composition, and optical characteristics in populated regions of the world 

where air quality monitoring has been historically limited. SPARTAN reported complete 

yearly data from 5 sites in 2017 and has since grown to report data from 21 sites worldwide. 

SPARTAN monitors sample ambient air on a Teflon filter, intermittently for a total of 24 

hours over a 9-day period, following protocols described in Snider, et al. 34. Filters are then 

shipped in sealed containers at ambient temperature to analysis labs in North America where 
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they undergo analysis for total gravimetric PM2.5 mass and concentrations of ions, equivalent 

black carbon, and trace elements. Particle bound water is calculated and residual mass (i.e., 

total PM2.5 – inorganic mass + particle bound water) is considered to be organic mass. Total 

PM2.5 mass is measured gravimetrically following EPA protocols under laboratory conditions 

where temperature and RH are controlled to between 20-23C and 30-40%, respectively. 

Equivalent black carbon is measured by light absorbance with a smoke stain reflectometer, 

calibrated to co-located TOR measurements on a quartz filter. More recent analysis 

techniques for SPARTAN filters include XRF, HIPS, UV-Vis49,50, the measurement of 

organics through FT-IR51, and ongoing research activities to measure organic spectra through 

Aerosol Mass Spectroscopy52. For this work, SPARTAN data have been downloaded from: 

https://www.spartan- network.org/data, with additional details in the analysis scripts package. 

Due to known loss of ammonium and nitrate on Teflon filters, these compounds are not used 

from SPARTAN. Data for each compound are saved as monthly averages for all sites with at 

least two reported measurements. Dust is reconstructed as 10*([Al]+[Mg]+[Fe]) following 

Weagle, et al. 35. Sea salt is calculated as 2.54*[Na]-0.1[Al] following Weagle, et al. 35. 

Black carbon is taken as equivalent black carbon. 

 

Supplementary Text 5. Model Input Emission Details 

Global input emissions for the GEOS-Chem model are primarily for the year 2017 from the 

Community Emissions Data System53, updated for the GBD-MAPS project: CEDSGBD-MAPS
54,55. 

The CEDSGBD-MAPS emissions dataset is available on Zenodo56 and uses contemporary energy 

consumption data from the International Energy Agency, source and fuel-specific emission 

factors, as well as a mosaic scaling approach to incorporate global emission estimates (such as 

the EDGAR v4.3.257 inventory and ECLIPSEv5a inventory from the GAINS model58,59) with 

regional inventories to calculate monthly emission fluxes (kg m-2 s-1) of key atmospheric 

pollutants (NOx, SO2, CO, speciated NMVOCs, NH3, BC, and OC). Emissions are disaggregated 

into contributions from 11 anthropogenic source sectors and 4 fuel categories (solid biofuel, total 

coal, the sum of liquid fuel and natural gas, and all other non-combustion sources). CEDS 

emissions are gridded at a 0.50.5 spatial resolution and do not include vertical distribution 

information. Further details about this dataset are described in McDuffie, et al. 54 and Hoesly, et 

al. 53. CEDSGBD-MAPS emissions for 2017 are incorporated into the GEOS-Chem model using the 
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HEMCO emissions module60 and are systematically removed in sensitivity simulations by 

zeroing out individual sources. Monthly CEDSGBD-MAPS emissions are additionally distributed 

over a 24-hr period using sector-specific diel scaling factors, calculated from the U.S. NEI 

2011v1 dataset, implemented in HEMCO by Travis, et al. 61.  

Supplementary Table 2 provides details about the CEDS and non-CEDS emission 

sources used for model emission sensitivity simulations in the main text. Non-CEDS emission 

sources include dust emissions from windblown, fugitive, combustion, and industrial sources 

(AFCID), as well as emissions from aircraft, open fires, volcanoes, lightning, the ocean, and 

biogenic sources. If emissions from 2017 are not available from a given source, the latest 

available year is used. Supplementary Figure 6 shows the total global annual emissions of NOx, 

SO2, CO, NH3, OC, BC, total NMVOCs, and fine dust used in the base 2017 GEOS-Chem 

simulation. The categories shown in Supplementary Figure 6 correspond to the emission 

sensitivity simulation categories in Supplementary Table 2.  

We also note that the fuel-specific contributions in this work may be lower estimates as 

some sub-sectoral emission categories were not assigned to a particular combustion fuel-type in 

the emissions dataset, as shown in Table 2 in McDuffie, et al. 54. For example, contributions 

from fuel production, flaring, transformation, and fossil-fuel fires in the energy sector were not 

assigned to a combustion fuel-type. As a result, PM2.5 contributions from these sources were 

included in the ‘other sources’ fuel category in Figs. 2-5 rather than the O&NG category. These 

contributions, however, were included in the total energy sector fractional results in these same 

figures. In addition, the emissions dataset does not include primary emissions of PM2.5 associated 

with road, tire, and brake wear or ash from coal combustion. While the former source has been 

shown to have relatively small global PM2.5 contributions 59, both sources may be important in 

regions with large fractional contributions from transportation and coal use. 
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Supplementary Table 2. Model emission sensitivity simulation descriptions. Includes 

emissions dataset references and descriptions. Note: “calculated” emissions depend on 

meteorological variables and are computed at the time of simulation. 
# Sector Sensitivity Simulation Dataset Year Reference Notes 
1 Agriculture (AGR) 

includes manure management, soil fertilizer emissions, rice 

cultivation, enteric fermentation, and other agriculture 

CEDSGBD-MAPS 2017 54,56 - 

2 Energy Production (ENE)  

Includes electricity and heat production, fuel production and 

transformation, oil and gas fugitive/flaring, and fossil fuel fires 

CEDSGBD-MAPS 2017 54,56 - 

3 Industry (IND) 

Includes Industrial combustion (iron and steel, non-ferrous metals, 

chemicals, pulp and paper, food and tobacco, non-metallic minerals, 

construction, transportation equipment, machinery, mining and 

quarrying, wood products, textile and leather, and other industry 
combustion) and non-combustion industrial processes and product use 

(cement production, lime production, other minerals, chemical 

industry, metal production, food, beverage, wood, pulp, and paper, and 

other non-combustion industrial emissions) 

CEDSGBD-MAPS 2017 54,56 - 

4 Road Transportation (ROAD) 

includes cars, motorcycles, heavy and light duty trucks and buses 
CEDSGBD-MAPS 2017 54,56 - 

5 Non-Road/Off-Road Transportation (NRTR) 

Includes Rail, Domestic navigation, Other transportation 
CEDSGBD-MAPS 2017 54,56 - 

6 Residential Combustion (RCO-R) 

includes residential heating and cooking 
CEDSGBD-MAPS 2017 54,56 - 

7 Commercial Combustion (RCO-C) 

Includes commercial and institutional combustion 
CEDSGBD-MAPS 2017 54,56  

8 Other Combustion (RCO-O) 

Includes combustion from agriculture, forestry, and fishing 
CEDSGBD-MAPS 2017 54,56 - 

9 Solvents (SLV) 

Includes solvents production and application (degreasing and cleaning, 

paint application, chemical products manufacturing and processing, 

and other product use) 

CEDSGBD-MAPS 2017 54,56 - 

10 Waste (WST) 

Includes solid waste disposal, waste incineration, waste-water 

handling, and other waste handling 

CEDSGBD-MAPS 2017 54,56 - 

11 International Shipping (SHP) 

Includes international shipping and tanker loading 
CEDSGBD-MAPS 2017 54,56,62,63 A 

12 Agricultural Waste Burning (AGBURN)  

Includes open fires from agricultural waste burning 
GFED4.1s 2017 64,65 B 

13 Other Open Fires (OBURN) 

Includes deforestation, boreal forest, peat, savannah, and temperate 

forest fires 

GFED4.1s 2017 64,65 B 

14 Fugitive, Combustion, Industrial dust (AFCID) 

AFCID 
2012, 
2013, 

2015 

66 C 

15 Windblown Dust (WDUST) DEAD model calculated 67,68  D 

16 Remaining Emission Sources (OTHER) 

Includes all remaining emission sources:  
    

 volcanic SO2 AeroCom 2017  E 

 aircraft AEIC 2005 69  

 lightning NOx LightNOx calculated 70 F 

 biogenic Soil NO Soil NOx calculated 71 G 

 ocean 

 

SeaFlux, GEIA, SeaSalt, 

Inorg_Iodine 
calculated 12,72-77  H 

 biogenic emissions MEGANv2.1 calculated 78 I 

 very short-lived iodine and bromine species LIANG_ BROMOCARB 
ORDONEZ_ 

IODOCARB 

2000 79,80  

 decaying plants DECAYING_ PLANTS  73  

 Fuel Sensitivity Simulations Dataset Year Reference Notes 
17 Total Coal 

Includes hard coal, brown coal, coal coke 
CEDSGBD-MAPS 2017 54,56 - 

18 Solid Biofuel CEDSGBD-MAPS 2017 54,56 - 
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Includes solid biofuel 

19 Liquid Oil and Natural Gas 

Includes light and heavy oil, diesel oil, and natural gas 
CEDSGBD-MAPS 2017 54,56 - 

20 Process 

Includes non-combustion CEDS ‘process’ source emissions.  
CEDSGBD-MAPS 2017 54,56 - 

 Sector & Fuel Sensitivity Simulations Dataset Year Reference Notes 

21 Total Coal from Energy Production 

Includes hard coal, brown coal, coal coke; Includes electricity and heat 
production. 

CEDSGBD-MAPS 2017 54,56 J 

22 Total Coal from Industrial Processes 

Includes hard coal, brown coal, coal coke; Includes Industrial 

combustion (iron and steel, non-ferrous metals, chemicals, pulp and 

paper, food and tobacco, non-metallic minerals, construction, 
transportation equipment, machinery, mining and quarrying, wood 

products, textile and leather, and other industry combustion) 

CEDSGBD-MAPS 2017 54,56 K 

23 Total Coal from Residential Combustion (RCO-R) 

Includes hard coal, brown coal, coal coke; Includes residential heating 

and cooking 

CEDSGBD-MAPS 2017 54,56 - 

24 Solid Biofuel from Residential Combustion (RCO-R) 

Includes solid biofuel; Includes residential heating and cooking 
CEDSGBD-MAPS 2017 54,56 - 

ACEDS International shipping emissions run with the PARANOX ship plume module, which calculates co-emitted 

concentrations of O3 and HNO3 in aged shipping plumes.  

BOfficial GFED4 emissions have been released through 2016. 2017 and 2018 emissions are available through a beta 

release (https://www.geo.vu.nl/~gwerf/GFED/GFED4/) that provides updates to estimated monthly emissions of dry 

matter (DM) and carbon (C) based on the relationship between MODIS active fire detections and the GFED4s 

inventory for the years 2013-2016. To distribute monthly emissions, these files also include daily variability based 

on active fire distributions and diurnal cycles based on climatological data following the approach of Mu, et al. 65. 

Emission factors for individual species (kg or kg C/ kg DM) are from the original GFED4s release. 

CThe AFCID (Anthropogenic Fugitive, Combustion, and Industrial Dust) inventory is based on 2015 global monthly 

average primary particulate matter emissions from the ECLIPSEv5a inventory and regional monthly mean 

inventories for 2013 over India and 2012 over China. 

DGlobal windblown mineral dust emissions are calculated for the year 2017 using the dust entrainment and 

deposition (DEAD) model. 

EEmissions obtained from NASA/GMAO and include contributions from eruptive and degassing volcanic emissions 

in 2017, details are here: http://ftp.as.harvard.edu/gcgrid/data/ExtData/HEMCO/VOLCANO/v2019-08/README 

FLightning emissions of NO match OTD/LIS climatological observations of lightning flashes from May 1995 – 

December 2013, as described by Murray et al., 2012. 

GSoil NOx emissions are calculated as a function of surface vegetation type, temperature, precipitation history, and a 

canopy reduction factor, following the parameterization described in Hudman, et al. 71. Note that fertilizer emissions 

are not included in this calculation as fertilized soil emissions are included in the CEDSGBD-MAPS inventory.  

HOcean-air exchange fluxes for DMS, acetone, acetaldehyde, and inorganic iodine are from 74, 72, 73, and 77, 

respectively. Ocean emissions of NH3 from natural sources are set to 1990 levels from GEIA and NH3 emissions 

from artic seabirds are from 76 and 75. Sea salt emissions are calculated following 12. 

IBiogenic emissions are calculated using the Model of Emissions of Gases and Aerosols from Nature (MEGAN) v2.1.  

JEnergy emissions from fuel production and transformation, oil and gas fugitive/flaring, and fossil fuel fire 

emissions are not assigned to specific fuel types 

KIndustry emissions from non-combustion industrial processes and product use (cement production, lime production, 

other minerals, chemical industry, metal production, food, beverage, wood, pulp, and paper, and other non-

combustion industrial emissions) are not assigned to specific fuel types. 

 

http://ftp.as.harvard.edu/gcgrid/data/ExtData/HEMCO/VOLCANO/v2019-08/README
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Supplementary Figure 6: Global total 2017 base simulation emissions. Emissions are colored 

by source sector category. BC, OC, and total NMVOCs are provided in units of Tg carbon yr-1. 

Emissions of CO and NMVOCs are divided by 10 for illustration purposes only. Note: OC 

emissions do not include the GEOS-Chem chemical compound SOAP (secondary organic aerosol 

precursor), which is emitted from biogenic sources and co-emitted with CO. Emissions of this 

compound, however, are included in each model simulation. 

 

Supplementary Text 6. Fractional Fuel and Sector Contributions – Additional 

Comparisons to Previous Nation-Level Studies 

To provide further context for our results, this section provides further comparisons to previous 

national-level studies that have also used 3D chemical transport models to quantify PM2.5 source 

contributions and/or the associated ambient PM2.5 disease burden. Where available, we primarily 

compare the reported fractional contributions to minimize methodological and input data 

differences. As described in the main text, differences in sectoral definitions (e.g., including fires 

in the agricultural sector or waste in the residential sector) highlight the importance of clearly 

defining emission sector definitions in source contribution studies (e.g., Supplementary Table 2). 

This text is not an exhaustive review of previous studies. 
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Fuel Types 

Previous studies using similar methodologies have typically combined all anthropogenic 

sources for global or regional scale analyses81-83 or reported contributions from single or 

aggregate fuel-types84, typically for select countries such as China and India85-87. Previous 

studies also provide estimates of years prior to 2017, which may not capture recent trends in 

PM2.5 chemical precursor emissions, such as recent reductions in China88.  

Previous national-level studies have only investigated the contribution from coal 

combustion emissions for select countries and sectors. For example, previous studies have 

discussed the importance of residential, energy, and industrial coal use on local and regional 

PM2.5 pollution in India87 and China86, particularly during winter89,90. Emission reduction 

policies in China have also recently targeted coal use in these sectors. Fractional coal 

contributions in the residential, energy, and industry sectors in this study in 2017 were 

estimated to account for 5.3%, 4.7%, and 9.1% of total PM2.5 sources in China and 1.4%, 

7.0%, and 8.2% in India. These are generally smaller than the corresponding contributions of 

4%, 9%, and 17% in 2013 for China86, but generally agree well with the 8% contributions 

from both energy and industrial coal use in India in 201587. When considering total coal use 

across all sectors, these previous studies have estimated contributions of 40% in China and 

16% in India86,87. In 2017, total coal contributions were lower in China (22.7%) and slightly 

larger in India (17.1%), which may be a result of different methodologies, but is also 

consistent with recent emission trends in these respective countries.  

For solid biofuel, Chafe, et al. 84 previously investigated the contribution of residential 

cooking with biofuel to the PM2.5 mass and associated burden at both global and regional 

scales for the year 2010. Both studies predict large relative contributions in South and 

Southeast Asia, though Chafe, et al. 84 also predict fractional contributions from biofuel 

cooking in Southern Sub-Saharan Africa and Southern Latin America that were more than 

twice as large as those in this work. Reductions in the proportion of the population using 

solid fuels in these locations between 2010 and 2017 may partially explain these differences. 

In China and India, two previous studies found that solid biofuel combustion for residential 

heating and cooking contributed to 15% in China in 201386 and 24% in India in 201587. 

These fractional contributions were similar to those of 12.7% and 22.5% for China and India 

in 2017 and suggest that these relative contributions have been relatively constant in recent 
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years. Due to such persistent contributions, however, previous studies have also shown the 

potential for significant air quality benefits by addressing the fuels and combustion 

efficiencies of sources used for residential heating and cooking in China89,90. For 2017, we 

estimate a total of nearly 250,000 (95% CI: 189,500-305,500) deaths avoidable by 

eliminating both solid biofuel and coal use in the residential sector in China. 

Sectors 

For the residential sector, previous studies for India estimated PM2.5 disease burden 

contributions between 27% and 50% in 2010 and 201587,91. Contributions in 2017 were 

comparable but slightly lower at between 23%-35% when comparable sub-sectors (e.g., 

residential + waste) were considered. In China, previous residential estimates ranged from 

25%-32% in 201091,92 and ~19%-22% in 201386,93, both consistent with 26% here in 2017 

(Supplementary Data 1). Fig. 2 and Fig. 3 in the main text show that the fractional residential 

contributions were generally smaller in Canada and the U.S. than in Asia, also consistent 

with multiple previous studies91,94-98. Emissions estimates from the residential sector, 

however, are particularly uncertain in emission inventories compared to those from other 

large anthropogenic emission sources54,99-101. 

For the energy and industry sectors, 2017 contributions were 10.2% and 11.7%, 

respectively. These sectors have been studied relatively extensively in past work compared to 

other PM2.5 sources, however, differences may arise due to differences in the detailed sub-

sectoral categories used here, or recent emission changes. The more detailed sectors such as 

commercial, AFCID, and waste examined here isolate sources that may have either been 

lumped into the industry sector in prior work or neglected altogether. Over recent years, 

industrial and energy emissions have been decreasing in China, while these emission sources 

have been simultaneously increasing throughout other parts of Asia, Latin America, and 

Africa54. Previous studies have specifically investigated these source contributions at the 

national level in China86,91-93, India87, Canada94, the U.S.98, and throughout Africa82,83. In 

Canada, combined fractional energy and industry contributions in this work were similar to 

previous results94. In China, previous energy contributions were consistent with this work, 

however industrial emissions in 2017 were close to half those previously reported for 2010 

and 201386,92,93. In Africa, two recent studies found the greatest contributions from the energy 

sector in Egypt and Southern Sub-Saharan Africa82,83, also consistent with this work (Fig. 3). 
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Two additional fuel and sector specific simulations for 2017 revealed that 91% of these 

energy contributions in South Africa were from coal, while only 46% were from coal in 

Egypt (Fig. 3, Supplementary Data 1). One additional study predicted a much smaller (3%) 

contribution from combined energy and industry sources in Egypt in 2010, predicting instead 

a 92% contribution from natural sources91. More detailed assessments of these differences 

between industry, energy, and other source contributions are largely limited by a lack of 

more detailed emission sector descriptions.  

For dust, agriculture, transportation, and fires, agreement with previous national-level 

results were variable. For example, national-level fractional dust estimates in 2017 were 

much larger for North Africa, the Middle East102, and China93, and smaller in India87 

compared to previous studies. For India specifically, updates to the model deposition29 and 

dust size distribution schemes14, as well as interannual variability in dust emission fluxes and 

removal rates, likely contribute to the smaller total contribution from fine dust (< 2.5 m 

diameter) in this work (~14.9%) relative to previous estimates (~38%), derived using an 

older version of the GEOS-Chem model. As shown in Supplementary Figure 5, the model 

updates in this work improved the agreement with surface dust observations, however, the 

measured PWM dust concentrations at surface monitors were < 1 µg/m3, indicating that 

current surface monitor locations may not provide an accurate characterization of the total 

population exposure to dust. These uncertainties highlight the need for increased monitoring 

and continued improvement to the model treatment of dust to improve the accuracy of 

contribution estimates from this source.  

For non-combustion agriculture, 2017 estimates were generally smaller than previous 

regional-level studies103,104. For example, 2017 contributions in Europe, North America, and 

South and East Asia were less than 22%, 11%, and 12%, respectively, while the same source 

was estimated to contribute to 34%, 17%, and 10% in 2010103. Global and regional NH3 

emissions have been increasing between 2010 and 201754, indicating that differences here are 

methodological (e.g., differences in emissions or chemical production), rather than real 

temporal trends. Our mechanistic updates to the ammonium nitrate simulation 

(Supplementary Text 3) both improved the agreement with observations and reduced the 

agricultural sources of PM2.5 in this work. 
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For the transportation sector, relative contributions have also been previously 

investigated at the national scales105-107. Consistent with previous studies, total transportation 

contributions in this work were generally greater than the global average in North America, 

Europe, parts of Asia, Australia, and Latin America105-107. Comparisons with additional 

national-level results86,87,91-93,98,107 show that differences in fractional contributions generally 

follow recent trends in transportation emissions, with recent decreases in China and the U.S. 

and increases in India.  

For fire emissions, comparisons to previous global and national level estimates are 

discussed in the main text.  

Waste, solvent use, and international shipping sectors have relatively small contributions 

on the global scale but can significantly contribute to national and sub-national PM2.5 

variation (e.g., up to 18% in Sri Lanka; Fig. 5). Contributions from waste combustion to the 

ambient PM2.5 disease burden have not been previously reported. The relative contribution 

from the solvent sector has only been reported in one previous national-level study86. As a 

result of non-linear PM2.5 mass production, solvent emission reductions can result in an 

increase in total PM2.5 mass. This was shown previously for a study in China86. Solvent 

emission reductions in 2017, however, resulted in a total mass decrease in this same country. 

As the solvent sector primarily emits NMVOCs (Supplementary Figure 6), this variable sign 

response demonstrates that decreases in these emissions can increase the availability of 

atmospheric oxidants, leading to increases in inorganic aerosol mass in NOx-limited/VOC-

saturated chemical regimes108. Therefore, this negative response may be important to 

consider when developing air pollution reduction strategies in regions with large VOC/NOx 

emission ratios. Solvent emissions, however, are also highly uncertain as NMVOCs may be 

underestimated in U.S. emissions inventories by a factor of 2-3109. Relative national 

contributions from international shipping are generally consistent with previous studies110,111, 

where the largest relative contributions are predicted in coastal countries such as Ireland, 

Portugal, and the Bahamas (more than 12% each in 2017). 

 

Supplementary Text 7. Uncertainty Sensitivity Study 

We conduct an additional sensitivity test to account for potential uncertainties in the PM2.5 

disease burden associated with the age- and disease-specific baseline mortality data from the 
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2019 GBD. The 95% uncertainty ranges are calculated by applying lower and upper estimates of 

the baseline mortality data to the PAF in Equation 2, derived from the mean CRF. The resulting 

95% confidence intervals for 21 world regions are shown in Supplementary Figure 7, compared 

to the 95% CIs derived from uncertainties in the mean CRFs (reported in the Main Text). As the 

upper and lower limits in the baseline and CRF datasets are both estimated from multiple draws 

of underlying distributions, propagating the uncertainties from these two input variables likely 

leads to an overestimate in the 95% CI for the total attributable disease burden. Supplementary 

Figure 7 shows that for most regions, the 95% CI associated with uncertainties in the CRFs 

encompass the 95% CIs associated with uncertainties in the baseline mortality estimates. 

Additional uncertainties in the PM2.5 exposure estimates and modeled fractional source 

contributions are not considered here to due computational limitations.  

 

 
Supplementary Figure 7. Total disease burden estimates and confidence intervals for 21 

world regions, derived from uncertainties in CRFs and baseline mortality data. Total 

disease burden estimates are from Supplementary Data 1. Uncertainty ranges illustrate the 95% 

CI derived from uncertainty estimates in the CRFs (blue) and baseline mortality data (red). The 

bounds for South and East Asia are shown on an expanded scale to the right.  
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Supplementary Text 8. Consideration of the Zero-Out (Brute Force) Method  

Similar to many other analyses of this type of work, our analysis uses a zero-out or brute force 

approach for model sensitivity simulations. This widely used approach is designed to quantify 

source contributions to the total PM2.5 disease burden under complete elimination of emissions 

from individual sources. As discussed in previous zeroing-out studies35,91,92,103, the non-linear 

chemical production of PM2.5 will result in the sum of individual PM2.5 simulations to exceed the 

total PM2.5 mass predicted in the base simulation. By implementing Eq. (5) in the Main Text, we 

ensure that fractional contributions from individual source sectors sum to 100% in this work. 

Using this approach, the final fractional PM2.5 source contributions will be sensitive to the 

number of individual source sensitivity simulations that are included in the calculation, resulting 

in further differences between the detailed simulations in this work and previous similar studies. 

Due to this non-linearity, fractional and absolute contributions predicted from this method may 

not be consistent with simulations that implement more moderate reduction strategies (i.e., < 20-

50% emission reductions), or strategies that simultaneously target multiple emission sectors 

(e.g., simultaneous reductions in both energy and industry sources). 

 

Supplementary Text 9. Methodological Schematic 

As described in the main text, results in this study are derived by integrating high-resolution 

satellite-derived PM2.5 exposure estimates, CRFs from the 2019 GBD, and fractional source 

contribution results from 24 emission sensitivity simulations with the GEOS-Chem chemical 

transport model. Supplementary Figure 8 illustrates the overall workflow of this methodology. In 

Step 1, gridded global emissions of PM2.5 precursors are developed as a function of source sector 

and fuel-type (Supplementary Table 5; anthropogenic emissions largely from the CEDSGBD-MAPS 

inventory), as described in McDuffie, et al. 54. In Step 2, emissions are used as input in an 

updated version of the GEOS-Chem 3D chemical transport model (described in Supplementary 

Text 3), with the simulated PM2.5 concentrations validated against available mass and 

composition surface observations (described in Supplementary Text 4). In Step 3, a series of 

zero-out emission sensitivity simulations are conducted (Supplementary Table 2) with the 

GEOS-Chem model and emission inputs. The resulting PM2.5 concentrations from each 

simulation are compared to the base simulation (with all emission sources) to quantify the 

modeled fractional PM2.5 contributions (reported in Date Files 1 (sectors) and 2 (fuel-types)). In 
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Step 4, high-resolution PM2.5 exposure estimates are derived by downscaling exposure estimates 

from the 2019 GBD (described in Supplementary Text 10; reported in Supplementary Data 1 and 

2) and are applied to the fractional model source contributions from Step 2 to quantify absolute 

source-specific contributions to ambient PM2.5 mass. In Step 5, CRFs from the GBD2019 

(Supplementary Figure 2) are combined with downscaled PM2.5 exposure estimates from Step 4 

to calculate the total ambient PM2.5 disease burden (reported in Supplementary Data 1 and 2). 

The total burden is combined with modeled fractional source contributions from Step 3 to 

calculate source-specific burden contributions reported throughout the manuscript. Lastly, Step 6 

highlights the data assets that are associated with this analysis and manuscript, including the 

analysis scripts, model source code, input emissions, CRFs, baseline burden and exposure 

estimate datasets (https://github.com/emcduffie/GBD-MAPS-Global), and the global, regional, 

national, and subnational source sector and fuel contribution results (Supplementary Data 1 and 

2).  

 

 
Supplementary Figure 8: Overall methodological workflow schematic. The relevant equations 

and data from Supplementary Text 9 are indicated in each step. 
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Supplementary Text 10. PM2.5 Exposure Estimates - Spatial Downscaling Procedural 

Details 

The process of spatially downscaling GBD PM2.5 exposure estimates using a newly available 

high-resolution product from Hammer, et al. 5 involves three steps, illustrated in Supplementary 

Figure 9. First, the 0.10.1 GBD product is re-gridded to a 0.010.01 global grid, by setting 

each value in the new fine-resolution grid boxes (100 boxes) to the value from the corresponding 

coarser grid box in the original GBD product. Second, the fractional contribution of each grid-

box in the 0.010.01  Hammer, et al. 5, product is calculated relative to the average PM2.5 

across the surrounding 100 grid boxes. In the event that the Hammer, et al. 5 product does not 

report data for a particular grid box, the spatial fraction in that box is set to 1. Third, these 

resulting fractional contributions are multiplied by the GBD values from the 0.010.01  PM2.5 

product from Step 1. This process is independent of the GEOS-Chem emission sensitivity 

simulations.  

 

 
Supplementary Figure 9: Simplified schematic of the spatial downscaling procedure. Values 

in each example grid box represent example PM2.5 mass concentrations in units of g m-3. In 

actuality, one of the 0.10.1 grid boxes in Step 1 above corresponds to 100 grid boxes of 
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0.010.01 resolution, not the four as shown here. In this figure ‘GWR’ refers to the high-

resolution PM2.5 estimates from Hammer, et al. 5.  
 

 

To assess the sensitivity of PM2.5 exposure estimates to the downscaling process, Supplementary 

Figure 10 shows maps of the gridded exposure estimates, as well as their correlations against 

observations for (A) the raw GEOS-Chem simulated concentrations, (B) original 0.10.1 GBD 

PM2.5 product, and (C) 0.010.01 Hammer, et al. 5 product. Fig. 1 and Supplementary Figure 10 

illustrate similarly good agreement between each of the exposure estimates and the total PM2.5 

mass observations, with correlation coefficients (r) and NMBs ranging from 0.89 to 0.979 and -

3% to +11%, respectively. The added spatial information from the downscaling procedure slightly 

increases the NMB from +7% (Supplementary Figure 10b) to +11% (Fig. 1), but maintains a 

slightly higher correlation coefficient (r) than the high-resolution Hammer, et al. 5 product (0.977 

vs 0.951). Across all four products, the 2017 global annual PWM PM2.5 mass ranges between 31.3 

g m-3 to 41.7 g m-3. Differences between the GBD and Hammer, et al. 5 products are largely due 

to different methods used to calibrate geophysical estimates to surface observations.



  

 

33 

 
Supplementary Figuere 10: Comparison of three PM2.5 exposure estimates against surface observations for the year 2017. (A) 

GEOS-Chem annual average PM2.5 mass concentrations, (B) 0.10.1 GBD annual average PM2.5 exposure estimates, (C) 0.010.01 

Hammer, et al. 5 annual average exposure estimates. Each column contains a map of the PM2.5 concentrations and a scatter plot 

comparing each product against 2017 surface observations. Colors represent world regions (Supplementary Table 1) and symbols 

represent observation networks (Supplementary Text 4). Red lines: correlation slope, solid black lines: 1:1 line, and dashed lines: 2:1 

and 1:2 lines. The fit slope, intercept, correlation coefficient, normalized mean bias (NMB), number of observation points (N), and 

PWM PM2.5 concentrations are also provided.
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File Name: Supplementary Data 1 

Description: Global, regional, national, and sub-national PM2.5 exposure estimates and sector 

and disease-specific fractional contributions. Provides downscaled population weighted mean 

(PWM) national-level PM2.5 exposure estimates for 200 sub-national areas, 204 countries and 

territories, and 21 world regions. This table also provides the total attributable deaths and the 

number of neonatal incidences associated with PWM PM2.5 exposure levels in each country and 

region. Burden results are provided from both the 2019 Global Burden of Disease (GBD2019) 

concentration response relationships and the Global Exposure Mortality Model (GEMM). Also 

includes the fractional contributions (units of percent) of each source sector and disease to the 

total GBD2019 and GEMM disease burden estimates. 

 

File Name: Supplementary Data 2 

Description: Global, regional, national, and sub-national PM2.5 exposure estimates and 

combustion fuel-type fractional contributions. Includes relative fuel-type contributions from the 

combustion of coal, solid biofuel, and the sum of oil and gas. 

 

File Name: Supplementary Data 3 

Description: Global, regional, national, and sub-national PM2.5 exposure estimates for the year 

2019. 

 



Data File 1: PM2.5 Exposure Estimates, Sectoral Source Contributions, Total Attributable Mortality Estimates, and Fractional Disease Contributions

McDuffie et al., 2021 - 

Last Updated: March 23, 2021

Name Legend: 
Regions Countries Sub-national regions

Country Name

Population Weighted 

Annual Average PM2.5 

(µg m-3)

Agriculture 

Contribution 

(%)

Energy Coal 

Contribution 

(%)

Central_Asia 27.5 5.1 6.1

Armenia 31.9 12.8 5.2

Azerbaijan 23.9 8 3.2

Baku 31.5 5.4 2.7

Georgia 17.8 8.4 5.7

Kazakhstan 19 4.5 5.3

Shymkent 38.1 3.4 4.3

Kyrgyzstan 22.9 3.9 7.4

Mongolia 36.7 13.1 10.5

Ulaanbaatar 81.4 13.5 12.8

Tajikistan 35.9 3.6 6.2

Turkmenistan 25.5 4.2 2.3

Uzbekistan 32.5 3.6 7.1

Bukhara 26.6 2.8 4.5

Tashkent 50.8 3.6 6.9

Central_Europe 20.5 18.6 10.7

Albania 19.8 12.8 11.6

Bosnia_and_Herzegovina 29.8 16 17.8

Bulgaria 19.7 12.7 13.6

Croatia 18 15.4 8.6

Czech_Republic 16.8 23.3 7.9

Hungary 16.5 16.1 8.2

Budapest 19.5 14.8 7.4

Macedonia 31.6 13.2 18.4

Montenegro 21.6 10.5 14.5

Poland 22.7 24.6 8

Warsaw 24.3 24.7 7.4

Romania 15.9 12.8 11.2

Serbia 26.5 10.9 19.7

Belgrade 25.7 10.6 26.3

Slovakia 18.4 20.1 7.7

Slovenia 16.9 17.4 5



Eastern_Europe 11.8 11.5 7.4

Belarus 16.3 21.2 6.7

Gomel 20.9 19.2 8

Estonia 5.7 12.5 2.9

Latvia 11.7 15.3 3.8

Lithuania 10.2 18.8 4.7

Kaunas 12 17.3 4.6

Moldova 13.1 14.2 9.8

Russian_Federation 10.9 9 6.2

Saint_Petersburg 8.2 9.2 3.3

Astrakhan 12.1 4.4 5.6

Moscow 13.8 7.8 5.2

Tyumen 13.4 9.9 4.7

Berezniki 13.9 9.6 5.4

Dzerzhinsk 11.6 10.7 5.5

Ukraine 14 14.8 10.5

Nikolaev 14.2 13.5 10.8

Rovno 19.9 19.5 8.4

Australasia 6.9 9.3 7

Australia 7 8.8 8.1

Sydney 7.6 12.6 14.4

New_Zealand 6.6 12.5 0.7

Auckland 6.5 10.5 0.6

High_income_Asia_Pacific 17.3 18.6 5.3

Brunei 7.6 2.9 4

Japan 13.5 19.5 4

Tokyo 15.1 20.4 3.1

Osaka 15.1 19 4.2

Fukuoka 17.7 18.1 5.1

Okayama 13.3 20.5 4.7

Yamaguchi 12.6 18.2 5

South_Korea 26.6 18.5 6.1

Seoul 27.4 17.5 6

Busan 24.3 18.9 5.6

Cheonan 28.6 19.3 6.5

Gwangju 27 19.8 6.3

Jinju 27.7 19.7 6.1

Pyongyang 52.9 16.4 5.8

Singapore 18.5 4.2 16.9

High_income_North_America 7.8 10.2 6.6

Canada 7.3 12 3.1



Montreal 9.1 10.9 1.6

Victoria 6.3 6.5 0.6

Greenland 5.3 13.1 4

United_States 7.8 10 7

Raleigh 7.6 11.7 13

New_York 7.7 6.4 4.2

Philadelphia 8.6 10.5 5.8

Houston 9.9 6.9 7.7

Minneapolis 7.4 13.3 8.1

Portland 8 10.5 1.6

Los_Angeles 10.6 3.4 1.2

Cleveland 8.8 14.8 8.6

Chicago 9 12.3 7.9

Springfield 6.5 8.3 3.9

Gainesville 6.5 5.9 7.4

Killeen 7.4 11.7 8.9

Modesto 12.1 11.3 1

Southern_Latin_America 15.3 5.8 2.7

Argentina 13 5.7 1.6

Buenos_Aires 11.5 8.2 1.2

Cordoba 13.9 3 1.5

Chile 21.9 5.8 4.5

Santiago 28.9 4.6 4.7

Uruguay 9.8 7.5 1.7

Western_Europe 11.7 21.7 3.7

Andorra 8.8 16.3 2.6

Austria 12.1 20.7 5.1

Vienna 14.5 19.9 5.8

Belgium 12.8 29.2 2.4

Antwerp 14.1 28.4 2.7

Cyprus 15.2 7.8 16.6

Denmark 10.2 26.1 3.2

Finland 5.2 11.8 2.4

France 11.6 21.4 1.8

Paris 14 18.7 1.3

Le_Mans 13.6 25.5 1.4

Germany 11.9 28.5 4.9

Berlin 16 29.7 5.3

Halle 14.6 28.7 5.9

Oldenburg 13.2 33.3 3.7

Greece 14.6 9.8 14.7



Thessaloniki 15.9 13.8 16.5

Iceland 5.6 13.6 0.3

Ireland 7.7 25.6 1.4

Israel 19.7 9.9 10.2

Tel_Aviv 21.6 9.9 10.6

Italy 15.6 18.4 3.7

Palermo 15 5.7 5

Milan 23.4 21.6 1.9

Luxembourg 9.9 29 2.9

Malta 12.4 5.8 4.3

Netherlands 12.4 29.3 3.2

Zwolle 11.8 31.5 3.5

Norway 6.5 10.2 1.6

Portugal 8.6 14.2 1.8

Spain 9.9 13.5 2.7

Madrid 10.1 9.9 2.1

Toledo 8.5 14.8 8.1

Sweden 5.7 16.2 2.4

Switzerland 10.2 20.1 2.4

Lausanne 12.3 19.2 2.2

United_Kingdom 10.5 26.6 1.8

Sheffield 11.6 27.5 2.2

London 13 25.3 1.6

Manchester 11 26.8 1.8

Monaco 11.4 23.5 2.3

San_Marino 9.8 20.6 4.4

Andean_Latin_America 25.9 7.5 0.4

Bolivia 26 2.5 0.4

Cochabamba 26.2 1.7 0.3

Ecuador 18.8 8.7 0.1

Quito 17.6 8.6 0

Peru 29.6 8.7 0.5

Caribbean 16.5 2.8 1.5

Antigua_and_Barbuda 16.2 1.2 0.7

The_Bahamas 13.9 1.4 2.5

Barbados 19.6 0.1 0

Belize 19.3 1.5 0.8

Bermuda 7 0.8 3.3

Cuba 17.5 2.2 1.2

Holguin 15.5 2.7 0.9

Dominica 16.8 1.3 0.9



Dominican_Republic 16.8 4.1 2.2

Grenada 19.4 0.1 0

Guyana 20.5 0.1 0

Haiti 17.8 3.2 1.8

Jamaica 15.2 2.6 1

Puerto_Rico 7 2.4 0.6

Saint_Lucia 19.4 0.1 0.1

Saint_Vincent_and_the_Grenadines 19.4 0.1 0

Suriname 21.9 0 0

Trinidad_and_Tobago 19.5 0.1 0

Virgin_Islands_US 8.8 1 0.6

Saint_Kitts_and_Nevis 8.4 1.4 0.7

Central_Latin_America 20.8 5.8 2.3

Colombia 21.3 2.7 1.2

Bogota 30.5 3.7 1.6

Valledupar 22.2 3.2 0.4

Costa_Rica 17.3 6.2 0.2

El_Salvador 22.6 5.6 2.7

San_Salvador 22.9 5.6 3

Guatemala 27.3 3.1 1.3

Guatemala_City 33.5 4.2 1.6

Honduras 22.3 4.3 0.8

Mexico 20.1 8.5 3.6

Culiacan 18.6 1.1 2.7

Guadalajara 18.9 9.1 3.2

Mexico_City 24.3 9.7 3

Reynosa 20.2 5.6 6.4

Tijuana 17.6 4.8 1.2

Nicaragua 19.1 5 0.3

Leon 19.9 4.9 0.2

Panama 13.7 3.6 0.3

Venezuela 20.3 2.5 0.1

Caracas 19.4 3.2 0

Cabimas 21.6 3.1 0.1

Tropical_Latin_America 11.8 4.1 1

Brazil 11.8 4.2 1

Sao_Paulo 15.3 5.5 1

Curitiba 8.9 5.8 0.8

Florianopolis 12.8 8.9 5.4

Belo_Horizonte 13.2 8.2 0.7

Palmas 10.4 0.3 0.1



Ilheus 13.6 1.1 0.2

Jequie 13.3 1.8 0.3

Ribeirao_Preto 14.5 6.2 1

Paraguay 12.5 1.4 0.5

North_Africa_and_Middle_East 44.1 5.7 4.4

Afghanistan 50.8 5.2 6.6

Kabul 64.5 5.9 11.9

Algeria 31.6 4.6 1.6

Algiers 34 4.1 1.8

Tebessa 33.3 6.6 1.8

Bahrain 60.8 2.9 1.1

Egypt 65.8 5.6 5.4

Cairo 80.9 6.3 5.3

Alexandria 56.7 6.5 7.4

Iran 38.3 8.1 1.7

Tehran 36.3 11.4 1.4

Ahvaz 71.1 5.3 1.8

Gorgan 39.6 11.8 1.8

Qom 41.6 10.3 1.5

Iraq 48.6 5.1 3.4

Baghdad 58.2 4.9 3.3

Jordan 32.1 8.9 8.9

Kuwait 63.1 3.5 1.5

Lebanon 28.5 8.7 9.2

Libya 36.2 1.5 2.1

Morocco 34 3.4 1.8

Marrakesh 44 1.7 1.1

Palestine 32.6 9.8 9.7

Oman 42.6 1.7 0.9

Qatar 71.6 2.8 1

Saudi_Arabia 61.5 2.7 1.6

Riyadh 67.7 2.6 1.2

Sudan 50 0.7 1.1

Khartoum 61.2 0.5 1.1

Syria 31.1 8.9 9.1

Tunisia 29.3 3.8 2.2

Kairouan 35.4 4.5 2.1

Turkey 26.1 15.3 14.7

Istanbul 26 14.7 13.3

Malatya 32.7 15.2 16

Kayseri 37.5 16.2 12.5



United_Arab_Emirates 42.7 2.8 0.7

Yemen 44.1 2.2 1.5

Sana 44.7 2.2 1.5

South_Asia 76.1 9.5 6.5

Bangladesh 61.9 11.8 6.4

Rajshahi 55.8 11.8 8.2

Dhaka 69.6 11.9 6.2

Saidpur 61.4 12.2 6.1

Bhutan 38.8 10.2 4.7

India 80.2 9.4 7

Jaipur 102.8 8.7 5.3

Ahmedabad 131.5 6.1 7.5

Kanpur 152.3 9.4 6.8

Kolkata 85.8 8.9 7.4

Mumbai 60 7 7.6

Pune 57 9.4 6.5

Hyderabad 47.6 6.6 8.5

Belgaum 44.6 6.7 8.4

Coimbatore 41.2 6.2 6.3

Hindupur 41.3 6.3 9.2

Jalna 52.8 8.4 10.1

Kozhikode 34.8 3.7 5.1

Malegaon 57 7.8 10.3

Parbhani 41.7 8.3 10.6

Singrauli 153.2 11.6 13.9

Sitapur 136.5 10.9 6.5

Vijayawada 56.2 6.4 9.4

Nepal 79.3 9.2 4.4

Pokhara 74.6 8.1 3.8

Pakistan 59.7 8.5 2.8

Karachi 70.8 3.9 2.4

Lahore 72.5 9.1 2.2

Sialkot 66 10.7 2.9

East_Asia 49.3 11.1 4.7

China 49.8 11 4.7

Chengdu 63.9 10.4 2

Qingdao 46.8 13.5 5.9

Taipei 22 10.4 4

Shanghai 46.2 9.4 3.5

Wuhan 64.6 10.4 3.3

Hangzhou 54.1 9.9 3.5



Guangzhou 39.9 6.2 3.7

Beijing 71.8 13.7 5.4

Tangshan 73.4 14.2 6

Tianjin 71.7 12.4 5.5

Jinan 70.4 12.9 5.8

Zhengzhou 82.7 11 4.7

Hong_Kong 23.5 4.3 4.2

Anqing 55.4 11.1 4

Bicheng 54.4 8.9 3.1

Changzhi 72.2 13 6.2

Changzhou 56.1 9.4 3.9

Chengguan 37.3 10.4 6.6

Gaoyou 54.7 12.1 4.6

Guixi 48.9 7.9 2.8

Haikou 22.4 4.9 4.3

Kaiping 39 8.1 4.5

Leshan 58.8 10.2 2.4

Pingxiang 54.3 9.1 3.3

Shenzhen 32.4 4.4 4.1

Suining 51.2 8.2 3.4

Xingping 68.4 8.8 4.6

Xucheng 56.1 13 4.7

Yanggu 73.6 12.7 5.8

Yiyang 51.1 9.9 3.5

Yucheng 34.9 10.4 4.6

Zhuji 49.4 9.6 3.3

Zunyi 45.4 10.6 3.9

Yulin 40.7 7.6 3.3

North_Korea 41.8 16.7 6.4

Taiwan 23.9 11.5 4.1

Oceania 12.7 0.6 0.4

American_Samoa 6.1 0.2 0

Federated_States_of_Micronesia 9.1 0 0.1

Fiji 9.8 1.9 0.2

Suva - - -

Guam 7.6 0 0.1

Kiribati 7.6 0 0

Marshall_Islands 8.6 0 0.1

Northern_Mariana_Islands 7.8 0.1 0.2

Papua_New_Guinea 13.3 0.6 0.4

Samoa 9.6 0.3 0



Solomon_Islands 10.7 0.2 0.3

Tonga 9.6 0.2 0.2

Vanuatu 11.1 0.9 0.8

Niue 6.4 0 0.1

Cook_Islands 6.1 0.1 0.1

Nauru 5.6 0 0

Palau 6.7 0.4 3.3

Tokelau 7 0 0

Tuvalu 5.7 0 0

Southeast_Asia 20.1 4.5 5.9

Cambodia 21.2 1.3 2.3

Indonesia 18 6.6 8.3

Medan 34.6 2.5 3.1

Palembang 25.6 2.3 8.6

Cirebon 21.4 8.7 12.1

Parepare 14.4 1.3 2.5

Pematangsiantar 25.2 3.3 3.7

Laos 18.5 4.9 3.8

Malaysia 16.2 3.3 7.6

Ipoh 17.5 7.1 8

Rawang 17.2 4.5 6.6

Maldives 9.9 2.6 5

Mauritius 14.7 0.8 2.6

Myanmar 28.5 3.6 5.4

Myeik 22.7 2.2 3.3

Philippines 18.4 3.4 5.8

Manila 27.4 4 5.1

Bacolod 19.7 1.5 5.8

Cebu_City 22.4 2.6 7

Sri_Lanka 19.6 2.4 4.5

Seychelles 15.4 0.2 1.2

Thailand 26.4 2.7 3.6

Bangkok 30.4 1.7 2.7

Timor_Leste 15.3 2.2 0.8

Vietnam 20 4.3 3.7

Vinh_Long 23.7 2.3 2.5

Ho_Chi_Minh_City 27.1 1.9 2.7

Central_Sub_Saharan_Africa 32.2 0.2 0.4

Angola 27 0.3 1.3

Luanda 31.2 0.2 0.8

Central_African_Republic 41.3 0.5 0.2



Congo 35.2 0.1 0.2

Democratic_Republic_of_the_Congo 33 0.2 0.3

Kinshasa 39.4 0.1 0.2

Lubumbashi 27.4 0.8 0.7

Equatorial_Guinea 41.3 0 0.1

Gabon 33.3 0 0.1

Eastern_Sub_Saharan_Africa 28.5 0.5 1.2

Burundi 31.5 0.1 0.2

Comoros 16.1 0.4 1.7

Djibouti 41.1 2.2 1.5

Eritrea 41.6 1.9 1.3

Ethiopia 32.6 0.9 0.8

Addis_Ababa 31.5 0.6 0.7

Kenya 24.4 0.2 0.6

Nakuru 23.8 0.1 0.5

Madagascar 17.5 0.4 1.9

Malawi 23.1 0.7 2.5

Mozambique 21.4 0.9 7

Beira 24.2 0.6 7.8

Rwanda 33.8 0.2 0.2

Kigali 34.8 0.2 0.2

Somalia 28.8 0.8 1.2

South_Sudan 36.4 0.3 0.4

Tanzania 24.6 0.2 0.9

Arusha 23.1 0.1 0.9

Uganda 36.7 0.2 0.3

Kampala 48.5 0.1 0.2

Zambia 24.9 0.8 2.4

Ndola 26 0.9 1.4

Southern_Sub_Saharan_Africa 27 4.6 18.3

Botswana 24.3 3.4 21.1

Lesotho 29.4 5.5 15.6

Namibia 24.4 1.1 7.5

South_Africa 28.8 5.5 20.5

Port_Elizabeth 23.9 3.1 5.9

Johannesburg 40.2 6.7 26.1

Eswatini 23.1 6.5 32.4

Zimbabwe 21.7 1.1 8.9

Western_Sub_Saharan_Africa 59.4 0.1 0.2

Benin 42.6 0.1 0.1

Burkina_Faso 50.4 0 0.2



Cameroon 58.9 0.1 0.2

Cape_Verde 46.4 0.1 0.1

Chad 55.3 0.2 0.5

Cote_dIvoire 52.1 0.1 0.1

The_Gambia 58.6 0.1 0.1

Ghana 54 0.1 0.1

Accra 64.3 0.1 0.1

Guinea 50.4 0.1 0.1

Guinea_Bissau 54.6 0.1 0.1

Liberia 46.5 0.1 0.1

Mali 56.5 0 0.2

Bamako 56.3 0 0.2

Mauritania 64.3 0 0.1

Niger 70.9 0.1 0.2

Nigeria 64.2 0.1 0.2

Ibadan 38.9 0.2 0.1

Lagos 34.2 0.1 0.1

Gombe 79.1 0.1 0.2

Oyo 41.1 0.2 0.1

Sao_Tome_and_Principe 29.5 0 0.3

Senegal 60.5 0.1 0.1

Sierra_Leone 48.2 0.1 0.1

Togo 44.4 0.1 0.1

Global 41.7 8.3 5.1



Data File 1: PM2.5 Exposure Estimates, Sectoral Source Contributions, Total Attributable Mortality Estimates, and Fractional Disease Contributions

Energy NonCoal 

Contribution 

(%)

Industry Coal 

Contribution 

(%)

Industry 

NonCoal 

Contribution (%)

NonRoad 

Transport 

Contribution (%)

Road Transport 

Contribution 

(%)

4.8 2.1 4.8 0.2 5.3

4.6 1.3 8.2 0.2 9

5.4 0.7 4.9 0.2 7.2

4.9 0.5 3.6 0.2 5.5

3.3 2.1 5.2 0.2 7.4

5 3 6 0.2 5.1

4.8 2.4 3.9 0.2 4.9

4.2 2.7 5.1 0.2 6.6

4.7 5.3 4.7 0.7 3.7

4.7 5.9 4.9 0.7 3.5

4.3 1.3 3.4 0.1 4.5

4.3 0.4 3.7 0.1 5.1

5 2.2 4.7 0.2 4.8

5.4 0.7 2.8 0.1 3.5

5 4.3 7.2 0.2 5.6

5.7 1.7 4.8 0.7 7.7

2.5 1.4 4.2 0.9 6.6

4.2 1.1 3.5 0.6 6.6

3.4 1.3 5.7 0.5 6.1

5 1 5.1 1 9.8

7.8 1.9 5.6 0.9 8.8

7.4 1.4 4.9 0.7 8.8

7.4 1.4 4.9 0.7 8.3

2.4 1 4 0.4 4.6

2.6 0.8 3 0.5 5

6.9 2.1 4.8 0.8 8.5

5.3 2.5 4.6 0.7 8.8

4.8 1.4 4.9 0.6 6.8

3.1 1.1 3.7 0.4 5

3.2 1.3 3.9 0.3 4.5

7.8 2 5.2 0.7 8.3

6 0.9 6.6 1.2 12.6



8.8 1.3 5.5 0.6 6

10.7 2.7 4.4 1.1 8.3

8.4 2.3 5 1 7.8

14.2 0.8 6.7 0.8 5.7

12.9 1 5.4 1.1 7.1

17.6 1.3 4.1 1.1 8

24.5 1.3 3.7 0.9 7.5

5.6 1.6 3.9 0.7 7.3

8.7 1 6.2 0.5 5.4

13.8 0.8 9.3 0.8 6.6

5 0.8 3.2 0.2 3

12.2 0.4 9.6 0.3 4.6

8.7 0.9 7.2 0.3 6.1

9.1 0.6 6.1 0.3 5.5

7.5 0.5 4.9 0.7 7.3

8 1.7 4 0.6 6.6

8.3 1.6 3.9 0.8 5.9

5.8 2.1 4.2 0.7 8.6

1.1 1.2 6.2 0.4 4.3

1.1 1 6.6 0.4 4

1.6 1 7.6 0.3 3.7

1 2.9 3.8 0.3 6.5

1.6 2.8 4.4 0.3 6

6 7.3 8.4 1.5 8.9

4.2 1.5 3.4 0.6 12.5

6.3 6.1 7.8 1.7 8

6.8 5.2 8.9 1.5 8.3

6.3 6.6 8.8 1.7 7.9

5.5 7.6 7.1 1.9 7.1

6.7 7 6.9 1.7 8.3

5.9 7.5 7.3 1.6 7.4

5.4 9.2 9.4 1.4 9.3

5.3 9.7 9.8 1.2 9

5.7 8.4 10.9 1.7 8.9

5.6 8.9 9.1 1.3 9.7

5.6 8.9 8.5 1.5 10.8

5.4 8.7 7.8 1.6 10.7

5 15.1 8 1.2 7.6

9.3 1.5 3.5 0.2 18.3

5.1 2 9.1 3.2 11.7

7.5 0.6 10.2 2.2 7.6



8.7 0.7 13.8 1.8 7.4

5.8 0.7 12.3 2.9 7.2

2.3 0.8 2.5 2.1 7.6

4.9 2.1 9 3.3 12.1

4.6 2 6.5 3.6 14

4.4 2.4 15.9 2.8 10.5

6.3 1.9 11.2 3.3 11.7

10.4 2 8.1 2.8 11.8

5.7 1.4 7.1 5.4 14.6

1.6 2.1 13 2.8 10.1

3.2 3.9 18.3 1.4 8.6

5.7 1.7 8 4 11.7

5.8 2 10.7 4.9 12.6

4 1.5 10.2 2.9 12.8

3.5 1.8 6.8 3.1 11.9

7.1 2.1 6.5 3.2 15.3

2.6 4.2 10.3 1.9 8.5

3.1 0.3 11.6 0.3 7.7

3.7 0.2 11.1 0.4 9

5.5 0.2 17.7 0.4 10.5

2.5 0.2 6.8 0.2 10.2

2.1 0.2 11.7 0.3 5.6

2.6 0.3 16.8 0.1 5.7

5.6 0.4 18.3 0.3 10

6.3 1.1 7.1 1.5 10.4

4.1 0.7 6.7 1.5 11.6

8.4 1.5 8.2 1.1 12

8 1.4 8.1 0.9 10.2

9.1 1.3 8.1 1.5 9.6

11.8 1.2 7.7 1.5 9.2

3.3 2.3 4.4 0.5 5.4

7.1 0.8 5.7 2.3 8.4

9.8 1 9.8 0.7 5.4

5 1.2 7.2 1.4 11.8

4.2 1.6 9.4 1.1 9.9

4.2 0.9 5.5 2 12.4

7.9 1.7 8.7 1.5 10.7

6.5 1.8 9.3 1.7 9.5

8.6 1.7 8.2 1.6 11.3

7.8 1.1 6 1.7 8.5

3.3 1.4 5.1 1.1 5.6



3.4 1.2 4.8 0.8 6.1

0.7 0.5 6 0.3 1.6

2.7 0.4 3.8 1.3 6.2

9.7 1.1 4.5 0.3 7.1

9.6 1.1 4.6 0.4 7.2

5 0.6 4.9 1.6 12.8

3.3 0.7 3.7 1.2 7

4.5 0.5 5.5 1.3 14.3

6 1.8 8.8 1.4 13.3

2.7 0.5 2.8 0.8 5.7

7.6 1.2 7.6 1.8 10.6

6.8 1.1 7 1.9 10.7

5 1 8.3 1.1 4.4

3.8 0.2 7.1 0.7 6.8

4.9 0.5 9.5 2 9.4

4.3 0.8 16.5 1.2 9.5

6.1 1.5 8.1 4.9 12.4

10 0.8 8.8 1.4 6.5

6.9 1.5 8.2 1.3 14.7

10.7 1.3 7.5 1.2 14.2

6.8 1.1 6.8 1.7 8.9

8.6 1.3 7 1.4 8.4

6.1 1.2 8.2 1.6 9.6

7.7 1.2 6.3 1.5 8.3

4.2 0.7 5.1 1.2 12.5

5 0.7 5.2 2.3 12.3

3.5 0.4 22.5 0.1 8.2

0.5 0.1 12.7 0 3.1

0.4 0 11.4 0 2.8

11.8 0.2 8.8 0.2 17.9

12.7 0.2 8 0.6 18.7

1.7 0.5 30.1 0.1 6.5

9.7 0.4 9.1 0.4 5.5

3.6 -0.1 1.5 0.1 5.5

6.1 1 5.1 1 6.3

0.5 0 0.2 0 0.8

5.2 0.5 4.1 0.3 6.3

2.7 0.8 3.3 1.1 5.9

9.9 0.5 19.7 0.6 5.7

16.7 0.3 11.6 0.4 4.8

3.8 -0.1 1.7 0.1 5.7



9.6 0.5 7.8 0.6 6.5

0.5 0 0.2 0 1

0.6 0 0.4 0.1 0.8

13 0.3 4 0.4 5.6

15.3 0.4 7.1 0.2 8.1

3 -0.2 2.1 0.1 4.5

0.8 0 0.3 0.1 1

0.7 0 0.3 0.1 1

0.6 0 0.4 0.1 0.8

0.7 0 0.3 0 1.4

3.3 -0.2 1.5 0.1 4.9

3.7 -0.1 1.6 0.1 5.5

8.5 2.4 7.1 0.3 9.8

3.4 7.9 9.1 0 9.1

2.8 12.3 12.4 0 8.5

5.5 0.8 6.5 0 10.8

2.8 0.1 5.6 0.1 6.9

11.2 0.1 4.3 0.1 6.5

11.1 0.1 4.4 0 6.5

5.4 0.1 4.2 0 5.5

4.6 0.1 7.1 0 5

8.8 0.4 4.8 0.1 7.8

12.4 1.6 8.1 0.5 12.3

5 0.9 3.5 1 17.2

9.1 1.9 10.3 0.2 15.8

10.9 1.8 12.1 0.2 12.2

11.7 1.6 5 2.6 12

2.9 2.9 11.7 2 11

7.1 0.1 2.1 0.2 5.5

8.3 0.1 1.9 0.3 5.9

3.4 0.2 2.6 0 8

4 0.4 4.6 0 6.6

4.3 0.2 5.1 0 4.9

5.4 0.3 5.9 0 10.7

4.6 1.7 25.2 0.2 6.3

4.6 1.8 25.6 0.2 6.3

8.4 2.3 42.1 0.2 6.8

6.9 2.6 35.8 0.3 8.2

8.3 1.7 24.6 0.3 7.9

3.6 3.6 40.7 0.2 5.5

0.6 0.5 3.6 0.1 2.4



1.1 0.6 6.5 0 3.6

1.5 1.3 12.6 0.1 5

4.9 2.3 30.7 0.3 10.3

2.8 0.6 13.4 0.2 7.5

7.4 0.8 4.4 0.3 7

5 2.2 2.7 0.1 6.2

4.8 2.8 2.3 0.1 6.7

3 0.2 3.9 0.6 17.1

3.4 0.2 6 0.8 23.3

2.7 0.2 3.5 0.5 14.3

22.9 0.4 5.7 0 6.9

6.3 0.6 4.7 0.5 5.8

6.9 0.6 5.2 0.5 6.3

6.7 0.8 4.5 0.6 5

9.8 0.4 5.2 0.1 11

7.8 0.4 6.7 0.1 14.4

15.9 0.3 4.1 0.1 8.6

7.5 0.4 6.2 0.1 12.2

8.8 0.4 6 0.1 13.8

11.1 0.6 3.7 0.1 9

11.4 0.5 3.9 0.1 8.9

9.4 1 4.4 0.3 6.8

15.2 0.3 3.6 0 6.1

11.6 1.4 4.2 0.3 6

1.2 0.2 1.1 0.2 3.3

1.6 0.1 2.7 0.3 5.4

0.8 0 1.8 0.1 3.5

9.4 1 4.5 0.3 7.1

8.5 0.8 4.4 0 3.6

20.9 0.4 5.4 0 6.4

13.8 0.4 6.8 0.1 5.1

13.6 0.3 6.9 0 5.8

4.4 0.2 2.4 0.1 2.4

4.3 0.2 2.6 0.1 2.4

8.3 1.7 4.2 0.3 6.7

3.4 0.3 4.1 0.5 9.6

3.2 0.3 3.8 0.5 10.6

3.2 3 5.2 0.5 7.4

3.1 4.4 7.5 0.7 6.8

3.5 1.9 3.3 0.4 7.9

2.7 2.8 4.5 0.3 8.1



14.6 1 5.9 0 5.3

11.7 0.8 5 0.1 3.9

12.5 0.8 5.1 0.1 4

5.5 8 6.3 1 6

6 6.7 5.6 1.6 7.2

6.2 7.8 7.3 1.1 5.2

5.6 6.2 5.2 2 7.5

4.4 7.8 6.7 1 6.1

3.5 8.2 5.7 1.1 4.3

5.5 8.2 6.6 1 5.7

4.8 7.4 4.8 1.3 8

6.1 6.2 5.5 0.8 6

4.7 8.1 6.1 1.2 6

6.3 10.7 12 0.6 3.4

5.6 10.2 9.9 1 4.3

4.2 9.8 10.1 1 4.5

4.6 8.5 6.6 1.3 5

5 7.6 5 1.6 7.6

4 8.5 7.5 0.7 5.4

5.7 7.5 4.7 1.6 6

5.2 7.6 5.2 1.4 5.5

4.1 8.8 7.1 1 5.1

6.1 7.3 5.2 1.2 5.3

5.5 7.8 5.2 1.5 5.4

12.4 5.5 4.2 0.9 3.9

4.5 7.4 5.1 1 6.6

6.5 8.7 7 1.4 4.5

3.3 8.3 4.5 0.7 5.3

2.8 6 3 0.7 5.4

5.7 7.5 4.1 0.7 8.6

6.6 7.7 6.9 0.5 6.5

5.2 9.1 6.5 0.9 9.5

4.9 8.6 4.4 1 9.9

4.9 9.1 5.2 1.4 6.2

4.8 9.1 5.2 1.4 6.2

2.3 13.5 4.8 0.9 5.5

4.1 11.2 4.6 1.4 7.1

7.6 8.1 6.3 0.8 8.1

7.5 11.3 10.1 0.6 5.4

6.2 11.3 5.7 1.6 6

4.2 8.7 7.3 0.6 6.9



3.3 9 4.8 1.5 6.9

6.3 9.8 4.4 1.2 8.8

5 9.1 4.1 1.2 7.9

4.6 8.8 4.2 1.4 8.7

4.1 10.5 4.4 1.5 6.1

4.9 8.8 4.5 1.1 5.5

3.2 9.1 6.1 0.8 6.8

4.6 9.3 5.9 1.7 5.8

3.5 10.4 3.4 1.8 6.9

9 7.2 4 1 5.2

3.8 8.5 6.6 1 6.4

4.1 6.5 3.7 1.5 4.3

4 9.9 5.8 1.8 6.8

3.2 7.7 3.3 2.7 6.3

4.5 8.7 4.4 1.4 6.6

3.6 8.4 4.6 1.8 8.4

2.9 12.8 4.2 1.2 6.2

5.6 11.2 4.8 1.7 5

3.1 9.3 5.1 0.8 6.1

3 9.3 3.4 1.4 6.2

3.5 7.1 4.9 0.8 6.8

4 10.2 5.7 1.8 6.7

4.1 10.3 4.2 1.8 5.8

4.6 10.2 4.5 3 5.2

3.7 7.4 7.1 0.3 5.1

4 9.1 7.2 0.6 7.3

5 8.3 3.6 1.7 5.3

4 10.8 5.3 2.3 5.5

5.6 12.2 7.1 1.3 7

12.6 7.8 5.6 0.9 8.4

1.5 0.2 0.6 0.2 2.4

0.4 0 0.2 0.1 0.3

0.4 0.1 0.1 0.1 0.5

2.2 0.1 1.1 0.2 0.6

- - - - -

0.5 0.3 0.4 0.1 0.8

0.2 0 0.1 0 0.5

0.3 0.1 0.1 0.1 0.5

0.7 0.5 0.6 0.2 1

1.6 0.2 0.7 0.2 2.6

0.5 0 0.2 0.1 0.4



1 0.1 0.3 0.1 0.7

0.5 0 0.3 0.1 0.4

0.8 0.3 0.4 0.1 0.7

0.3 0 0.1 0 0.3

0.4 0 0.2 0 0.3

0.3 0 0.1 0 0.4

2.3 1.2 1.9 0.4 11.8

0.3 0 0.1 0 0.3

0.2 0 0.1 0 0.4

4.1 4.6 7.5 0.6 8.4

4.6 2.8 2.9 0.5 5

1.5 2.8 6.7 0.3 12.1

1.9 3.2 7.4 0.5 14.5

2.1 2.3 4.5 0.6 10.8

1.6 3.4 8.4 0.1 10.7

0.3 1 1.8 0.1 18.1

1 1.7 6 0.1 13.2

4.5 4.4 6.7 0.9 5.7

4.5 1.7 3.2 0.3 16.6

2.8 2 4.5 0.3 14.9

6.6 1.6 4.5 0.2 21.3

6.7 6.4 4.3 1.8 5.7

4.8 0.2 0.9 0.1 1.7

4.9 5.4 5 1 4.4

10.3 6 10.1 1 6.8

4 8.2 8.9 0.7 5

5.9 15.6 16.3 0.4 4

2.1 3.9 5.1 1.1 5.6

2.7 5.2 6.5 2.3 5

5 3.3 15.8 0.4 5.8

2.9 1.6 2.4 0 2.7

11.8 5.8 14.4 0.8 8.3

18 7.2 29.2 0.6 8.6

0.2 0.3 1.7 0.3 9.1

2.6 5.3 4.2 0.7 5.5

1.5 3.1 2.3 0.3 4.4

1.5 4.4 3.6 0.2 4.7

1.8 0.1 4.5 0 1.5

2.5 0.1 5.7 0 1.8

3.8 0.1 5.5 0 1.9

1.8 0.1 0.9 0 1.2



2.3 0 4.6 0 2.3

1.5 0.1 4.3 0 1.4

2.4 0 7.8 0 2.5

2.3 0.1 21.7 0.2 0.9

3 0 4.5 0 1.9

1.9 0 10.3 0 1.6

5.7 0.8 3.3 0 3.5

2.6 0.2 2.5 0 3.4

2.2 0.6 1.3 0 1.9

10.7 0.8 4.8 0.1 3.6

9.1 0.5 4.4 0.1 3.3

9.3 0.8 3.7 0 3.3

11.1 0.9 4.1 0 3.5

7.3 1.7 2.9 0 6.1

7.9 1.9 2.5 0 7.2

2.2 1.7 2.5 0 2.3

1.2 0.4 2 0 2.3

1.3 0.7 1.9 0 2.8

1.1 0.7 1.9 0 2.6

3 0.3 3.1 0 3.8

3.2 0.3 3.2 0 4.1

4.9 1.1 2.6 0 2.3

3.9 0.3 1.5 0 2.4

3.9 0.9 3.5 0 3.2

6.6 2 4.4 0 4.3

4.8 0.6 2.2 0 4.5

6.7 0.8 3 0 5.7

1.9 0.3 10.7 0.1 1.8

1.9 0.2 15 0.1 1.3

1.8 2.3 4.1 0 6.1

1.5 2.2 4.9 0 6.7

1.7 3.1 3.8 0 7.7

0.9 0.8 8.2 0 3

2 2.7 4.1 0 6.5

1.3 2.1 2.9 0.1 7.2

2.6 3.1 5.1 0 6.9

1.7 1.6 2.8 0 4.9

1 1 3.6 0.1 4.4

1.5 0 1 0 2.2

1.9 0 1.4 0 3.9

0.8 0 0.5 0 1.7



2 0 1.2 0 1.7

0.1 0 0.1 0 0.4

1.7 0.1 0.9 0 1.4

1.7 0 0.6 0 2.4

0.7 0.1 0.2 0 0.9

2.1 0 1.2 0 3.1

2.5 0 1.6 0 3.4

0.8 0 0.4 0 1.2

0.7 0 0.3 0 1

1 0 0.5 0 1.7

0.6 0 0.4 0 1.1

0.7 0 0.4 0 1.2

0.2 0 0.2 0 0.5

0.7 0 0.4 0 1.2

1.7 0 1.3 0 2.6

2.3 0 2 0 4.6

2.6 0.1 2.1 0 4.4

1 0 0.6 0 2.1

2.1 0 2 0 4.8

1.5 0 2.3 0 1.4

0.6 0.1 0.2 0 0.7

0.9 0 0.5 0 1.3

2 0 1.4 0 3.6

5.1 6 5.7 0.9 6



Residential Coal 

Combustion 

Contribution (%)

Residential Biofuel 

Combustion 

Contribution (%)

Residential Other 

Combustion 

Contribution (%)

Commercial 

Combustion 

Contribution (%)

Other 

Combustion 

Contribution 

(%)
0.5 9.2 0.3 0.4 0.4

1 5.1 0.3 1.3 0.8

0.4 7.3 0.4 0.6 0.7

0.2 6.7 0.3 0.4 0.5

0.8 8.3 0.2 1 0.6

0.4 3.8 0.7 0.4 0.3

0.6 6.5 0.9 0.4 0.3

0.6 10.7 0.2 0.3 0.2

2.8 8.6 -1.2 0.8 1.3

3.1 8.9 -1.3 0.7 1.3

0.5 24 0.1 0.1 0.3

0.1 2 0.2 0.3 0.2

0.4 8.1 0.4 0.3 0.3

0.1 2.2 0.2 0.2 0.2

0.4 6.2 0.6 0.3 0.3

3.6 15.8 0.5 1.6 2.1

0.9 10.4 0.6 2.6 1.4

2.4 15 0.4 1.4 1.2

1.8 15.5 0.3 1.2 1.1

1.7 23.1 0.7 1.3 2.1

4.2 16.7 0.6 1.7 2.1

3 21.8 0.8 1.4 2.2

3.2 25.6 0.8 1.5 2.2

1.4 12.7 0.3 2.1 0.8

1.6 12.9 0.3 1.6 0.9

5.7 12.2 0.5 1.7 3

7.1 12.4 0.5 1.8 3.5

1.8 21.7 0.5 0.9 1.4

2.5 16.4 0.4 1.9 1

2.7 15.4 0.4 1.3 0.9

3.8 16.4 0.7 1.6 2.3

0.9 22 0.9 1.3 2.5



1.4 8.4 0.6 1.4 1.3

3.2 8.2 0.6 1.8 2.7

2.6 7.4 0.6 1.6 2.3

1.6 16.8 0.1 1.5 2.1

2.1 17.1 0.5 2.5 2.4

2.7 12.3 0.5 1.6 2.1

2.7 11.7 0.4 1.5 1.9

2.3 16.3 0.5 1.1 1.7

0.8 7.9 0.6 1.4 0.9

0.9 14.5 1 2.6 1.6

0.4 2.9 0.2 0.5 0.4

0.6 15.3 1.4 3 1.3

0.3 5.3 0.8 1 0.5

0.3 6.2 0.8 1.1 0.6

0.8 10.7 1 1.9 1.4

2.2 8.4 0.6 1 1.7

1.6 7.8 0.5 0.9 1.4

3.8 9.5 0.6 1.4 2.3

0 2.5 0.1 0.3 0.9

0 2.7 0.1 0.2 0.8

0 3.3 0.1 0.3 0.9

0.1 1.6 0 0.4 1.4

0.1 1.9 0 0.4 1.4

3.1 6.9 -0.6 1.6 1.5

0.6 10.5 -0.4 1 0.8

3 6.7 -1 1.4 1.4

2.1 4.9 -0.5 1.5 1.3

3 7.1 -0.9 1.4 1.3

4.1 8.5 -1.4 1.3 1.3

3.2 7.3 -1 1.2 1.3

3.8 8.4 -1.3 1.2 1.3

3.4 6.8 -0.2 1.9 1.9

3.3 6.6 -0.1 2 1.9

3.4 7.1 -0.4 1.7 1.8

3.2 6.4 0.1 2 2

3.4 7 -0.5 1.5 1.7

3.6 7.2 -0.5 1.7 1.8

3.4 7.5 -1 1 1.4

0.4 12.1 -0.2 0.3 0.3

0.3 7.5 1.4 2.3 5.7

0.8 14 0.1 0.8 4.3



0.8 22.7 0 1 5.2

0.5 14.6 2 1.6 5.6

6.1 2.2 -6.1 0.6 1.8

0.2 6.8 1.5 2.4 5.9

0.1 6 1.4 2.8 6.1

0.3 13.6 2.9 4.5 9.1

0.3 10.2 2.2 3.4 7.8

0.1 7 0.7 2.5 5.1

0.6 5.3 0.9 2.1 4

0.3 5.6 1.9 2.2 4.1

0.1 14.8 2.5 4.8 11.2

0.4 6 1.6 1.8 5.4

0.4 6.9 1.6 2.5 5.8

0.5 9.8 2.1 2.7 7.9

0 5 0.7 1.9 5.2

0.1 5.7 0.2 2 4.8

0.2 5.2 2 2.6 5.8

0 7.6 0.3 0.6 2.2

0 5 0.4 0.5 2.9

0 5.6 0.6 0.7 4.6

0 3.5 0.2 0.4 2.1

0 11.4 0.2 0.7 1.1

0 15 0.2 0.9 1.5

0 5.8 0.4 0.5 3.6

1 9.9 1 2 2.3

0.5 8 1.1 1.8 2.3

1.8 15 1.1 2 2.5

2.5 18.6 0.9 1.7 2.8

0.9 7.2 1.1 2.1 2.1

0.9 6.8 0.9 2.1 2.2

0.9 2.4 0.4 1.3 0.7

1.3 9.4 0.5 1.5 2.5

1.4 14.1 0.1 1.7 3.7

0.7 12.5 1.4 2.5 2.6

0.6 20.5 1.7 3.3 3.2

0.7 8.6 1.2 2.1 2.7

1.2 8.1 1 2.8 1.4

1.8 8.2 0.8 2.6 1.4

1.4 7.7 1 2.6 1.3

1.1 4.8 0.6 1.7 1.4

1.1 8 0.6 1 0.9



1.2 9.3 0.6 1.1 0.9

1.7 1.1 -1.4 0.2 2.4

2.9 1.9 0.2 1.2 1.3

0.4 1.7 0.2 0.5 0.3

0.4 1.7 0.2 0.6 0.3

0.5 16.7 1.4 1.3 3

0.6 9.7 0.7 0.7 1.3

0.3 23 2 2 4.7

0.8 6.7 1.3 2.2 1.9

0.3 5.3 0.7 0.6 0.8

1.1 6.2 0.8 2.1 2.4

1.2 5.4 0.7 1.9 2.1

1.4 10 -0.6 1.3 2.3

0.3 6.7 0.2 0.7 1.5

0.4 8 1 1.6 2.7

0.5 14.3 1.6 2.6 4.2

0.4 6.1 1.4 1.9 5.1

1.5 10.2 0 1.5 2.6

0.6 11.8 2.2 5.2 2.5

0.5 10.6 2.1 4.7 2.5

2.4 5.6 0.7 1.9 2.8

2.9 5.7 0.7 2 2.8

2.5 7.5 0.9 2.3 3.2

2.8 5.2 0.5 1.9 2.6

0.4 14.6 1.3 1.6 2.7

0.8 13.6 1.1 1.1 2.4

0 6.4 0.1 0.5 0.5

0 2.1 0.1 0.1 1.1

0 1.9 0.1 0 1.2

0 4.1 0.2 1.2 0.2

0 3.9 0.2 1.3 0.2

0 8.5 0 0.4 0.4

0.5 15.1 -0.4 0.4 0.6

1.9 14.5 -1.6 0.3 0.2

0.6 4.8 -0.4 0.8 2.5

0 0.9 0 0.1 0.1

0.5 6.6 -0.3 0.5 0.7

0.1 4 0 0.6 3

0.4 5.1 -0.2 0.5 1.5

0.5 7.4 -0.5 0.3 1

1.8 15.6 -1.7 0.2 0.1



0.8 13 -0.7 0.2 0.4

0 1 0 0.1 0.1

0 1.7 0 0.1 0.2

0.5 34 -0.4 0.4 0.3

0.6 14.4 -0.7 1.6 0.3

1.8 10.8 -1.6 0.1 0.2

0 0.9 0 0.1 0.1

0 0.9 0 0.1 0.1

0 1.5 0 0.1 0.2

0 1.1 0 0.1 0.1

1.9 11.9 -1.6 0.1 0.2

1.8 13.9 -1.6 0.2 0.2

0.1 15.4 0.1 0.4 1.2

0.3 11 0.1 0.1 0.7

0.4 13.6 0.1 0 0.9

0.1 4 0.1 0.2 0.2

0 4.7 0 0.6 0.3

0 29.2 0 0.9 0.1

0 30.3 0 0.9 0.1

0.1 46.1 0 1.2 0.2

0.1 54.2 0 1.4 0.1

0.2 23 -0.2 1.2 0.2

0 14.6 0.2 0.3 2

0 12.7 0.3 0 1.9

0 18.1 0.2 0.1 2

0 25.3 0.2 0.2 2.4

0.1 7.1 0.4 1.4 3.2

0.1 12.5 1.3 2.8 8.6

0 11.5 0 0.6 0.3

0 12.1 0 0.6 0.3

0 3.8 0 0.2 0.1

0 1.8 0.1 0.2 0.1

0 1.5 0.1 0.2 0

0 2 0.1 0.2 0.1

0 4.4 0.1 0.1 2.6

0 4.2 0.1 0.1 2.6

0 5 0.1 0.1 3.2

0 4.9 0.1 0.1 3.3

0 4 0.1 0.1 2.6

0 3.8 0.1 0.1 2.5

0 1.4 0 0 0.8



0 3.4 0.1 0.1 2.1

0 4.7 0.1 0.1 3.2

0 4.7 0.1 0.1 3.2

0 8.3 0.1 0.2 2.1

0.3 2.6 0.3 0.5 0.4

0 7.3 0.2 0.2 0.1

-0.1 8.7 0.2 0.1 0.1

0.1 2.5 0.4 0.4 0.5

0.2 3.1 0.4 0.5 0.5

0.2 3.2 0.5 0.4 0.6

0.1 0.4 0.1 0.1 0.1

0.2 3.5 0.3 0.3 0.5

0.2 4 0.3 0.3 0.5

0.3 3.4 0.3 0.4 0.5

0.1 1 0.4 0.4 0.6

0.1 1.1 0.7 0.6 0.9

0.1 0.5 0.2 0.2 0.3

0.1 1.3 0.9 0.6 0.8

0.1 0.9 0.6 0.5 0.7

0.2 0.7 0.3 0.3 0.3

0.2 0.7 0.2 0.3 0.2

0.3 1.5 0.2 0.5 0.3

0.1 0.4 0.1 0.2 0.1

0.5 1.8 0.2 0.6 0.4

0.2 1.6 0.7 0.2 0.2

0 2.6 0.1 1.4 0.5

0 1.9 0.1 1.1 0.3

0.3 1.7 0.2 0.5 0.3

0.1 1.4 0.1 0.1 0.1

0.1 0.4 0.1 0.1 0.1

0.1 0.9 0.1 0.1 0.1

0.1 0.6 0.1 0.1 0.1

0.1 2.3 0.1 0.5 0.1

0.1 1.8 0.1 0.6 0.1

0.7 1.7 0.4 0.9 0.6

0.2 5.3 1 0.5 1

0.2 5.4 1.1 0.5 1.1

1.8 4.1 0.5 2.1 1.2

2.5 7.4 0.9 2.5 1.6

1.6 2.6 0.5 1.9 1

1.8 2.9 0.4 2.2 1.2



0 0.7 0.1 0.1 0.1

0.1 2 0.1 0.2 0.1

0.1 1.8 0.1 0.2 0.1

1.2 23.4 1.7 1.8 2.9

0.9 25.9 1.4 0.9 3.4

1.1 23.2 1.5 1 3.5

0.7 27.5 1.3 0.7 3.4

1.2 27.4 1.8 1.2 4

1.3 30.1 1.4 1.3 2.6

1.4 22.5 1.8 2 3.1

1.4 22.3 1.8 2.2 2.9

1.4 21.6 1.5 1.9 2.2

1.6 24.5 2.2 2.3 3.8

1.5 22.7 1.7 1.8 3

1.2 18.9 1.5 2 2.3

1.3 19.4 1.6 2.2 2.4

1.5 18.8 1.7 2.4 2.5

1.5 18.6 1.8 2.5 2.7

1.8 21.3 1.3 2.2 1.9

1.6 18.4 1.7 2.6 2.6

1.4 18.9 1.8 2.4 2.8

1.7 22.2 1.5 2.6 1.9

1.3 19.2 1.7 2.1 2.5

1.4 18.2 1.8 2.3 2.8

0.9 15.1 1.5 1.5 2.5

1.4 24.4 2.1 2 3.8

1.4 18.1 1.7 2.2 2.6

1 36.6 1.4 1.6 2.7

0.7 37.6 1.2 1.4 2.2

0.2 26.9 0.9 1 0.9

0.1 27.4 0.5 0.6 0.5

0.3 33.9 1.2 1.2 1.2

0.8 27.3 1.7 1.7 2

5.3 12.6 -0.1 1.8 1.3

5.3 12.7 0 1.8 1.3

6.7 14.7 0.4 2.5 1.5

4.9 11.4 -0.2 1.7 1.4

5.3 10 -2.1 1.5 1

4.2 10.8 -0.3 1.3 0.8

5.4 13.6 0.3 1.8 1.2

4.8 12.1 -0.2 1.4 0.9



6.4 14.7 0.1 2.2 1.3

5.2 12.4 -0.1 1.6 1.3

4.7 11.1 -0.2 1.5 1.3

5.4 12.9 0 1.9 1.5

5.5 13.1 0.2 1.9 1.4

5.3 13.1 0.4 1.8 1.1

6.7 15.3 -0.1 2.2 1.2

5.2 13 0 1.7 1.1

7.1 15.7 0.6 2.8 1.8

3.5 8.8 0.2 1.2 0.9

4.7 11.5 -0.2 1.5 1

6.5 13.4 0.4 2.6 1.8

5.2 12.6 -0.1 1.8 1.3

8 17 0.5 3.1 2

7.1 16.3 0.3 2.6 1.6

6 14.2 0.3 2.1 1.3

6.8 14.9 0.4 2.5 1.6

5.8 13.9 0.2 2 1.3

7.2 16.4 0 2.5 1.4

7.8 16.7 0.5 2.9 1.9

5.6 14 0.3 1.9 1

5.2 12.8 0 1.8 1.3

5.6 13.4 0.4 2.1 1.5

5.7 14.2 0.4 2.1 1.4

5.7 13.5 -0.9 1.4 0.7

4.9 12.3 -0.2 1.4 0.9

6.7 13.9 0.5 2.8 1.9

6.8 15.6 0.4 2.4 1.5

3.9 8.6 -1.3 1.1 1.5

4.4 8.4 -1.6 1.4 0.9

1 7.7 -0.9 0 0.2

0 0.4 0 0 0

0.1 0.6 0 0 0

0 2 0 0 0.1

- - - - -

0.3 1.6 0 0.1 0.1

0 0.5 0 0 0

0.1 0.5 0 0 0.1

0.5 1.9 0 0.2 0.1

1.1 8.6 -1 0 0.2

0 0.6 0 0 0



0 1.5 0 0 0

0 0.3 0 0 0

0 0.7 0 0 0.1

0 0.2 0 0 0

0 0.2 0 0 0

0 0.4 0 0 0

2.5 17.4 -1.9 0.5 0.5

0 0.2 0 0 0

0 0.3 0 0 0

1.9 25 0.1 1.3 1.2

3.2 24.7 0 1.1 1.1

0.3 32.7 0.1 0.4 0.5

0.5 39 0.6 0.8 0.9

0.4 31.3 0 0.5 0.5

0 35.7 0.2 0.3 0.5

0.8 39.7 -0.5 0.4 0.6

0.3 44.9 0.2 0.4 0.6

3.8 15.8 0.3 1.6 1.6

0.6 13.4 0.2 0.7 0.9

0.4 11.3 0.4 0.9 1.2

0.2 11.9 0.1 0.6 0.9

1.4 16.5 1.9 2.6 2.2

0.1 0.7 0.1 0.1 0.1

2 28.1 0.5 1.6 1.9

2.2 14 0.9 1.5 1.6

1 15.5 -0.4 2.8 0.4

0.7 16.8 -0.2 3.1 0.4

1 16.7 -0.5 3.1 0.3

0.8 15.3 -0.3 2.4 0.4

0.9 19.5 0.4 1.2 0.6

0.6 9.2 0.2 0.5 0.2

2.5 11.8 0.4 1.3 1.5

1.2 7.3 0.3 0.7 1.1

0 8.9 0 0.1 0.1

6.6 30.2 0.2 2.3 3

6.7 37 0.2 2.3 3.5

7.7 41.4 0.1 2.6 4

0.1 9.6 0.2 0.3 0.3

0.2 4.9 0.1 0.3 0.2

0.1 4.9 0.1 0.3 0.1

0 3.6 0.1 0.2 0.1



0 7.6 0.2 0.7 0.1

0 11.5 0.2 0.3 0.4

0 10.6 0.3 1.3 0.2

0.1 8 0 0.2 0.2

0 8 0.3 1 0.1

0 5.8 0.2 0.4 0.1

0.2 19.3 1 0.6 0.8

0 29.5 0.6 0.8 2

0.3 7.2 0.2 0.4 0.5

0.1 3.9 0.2 0.3 0.2

0.1 4 0.2 0.4 0.1

0.1 21.3 0.6 0.6 0.2

0.1 28.1 0.8 0.6 0.2

0.1 23 3.6 0.3 0.7

0.1 27.2 5 0.2 0.6

0.3 7.8 0.7 0.9 1.2

0.3 9.7 0.1 1.1 0.9

1.1 7.9 0.2 1.2 0.7

1.1 6.7 0.2 1.1 0.6

0 34.2 0.8 1 2.3

0 36.1 0.9 1.1 2.5

0.2 5.5 0.2 0.3 0.3

0.1 7.6 0.2 0.3 0.2

0.2 19.1 0.9 0.3 1.8

0.2 20.6 2.1 0.2 1.8

0.1 28.3 1.5 0.7 1.3

0.1 34.2 2.1 0.8 1.6

0.3 9.5 0.1 0.4 0.5

0.2 8.3 0 0.3 0.3

5.4 9.6 0.6 2.3 1.2

4.1 8.5 0.4 1.7 1

6.4 9.6 0.6 2.7 1.1

0.9 5.1 0.1 0.5 0.7

6.5 8.8 0.7 2.7 1

5.2 5.5 0.4 2.1 0.8

7 9.6 0.9 2.9 1.1

4.1 8 0.5 1.9 0.7

1.1 13.9 0.5 0.8 1.9

0 7.5 0.3 0.7 0.1

0 8.9 0.5 0.9 0

0 3.7 0.1 0.3 0.1



0 8.1 0.4 1.4 0.1

0 0.3 0 0 0

0 2.3 0.1 0.3 0.1

0 6.2 0.3 0.7 0.1

0 1.4 0.1 0.1 0.1

0 6.3 0.3 0.6 0.1

0 6.8 0.4 0.6 0.1

0 3.5 0.1 0.2 0.2

0 2.2 0.1 0.1 0.1

0 5 0.2 0.4 0.2

0 2.3 0.1 0.2 0.1

0 2.5 0.1 0.2 0.1

0 0.6 0 0.1 0

0 3 0.1 0.2 0

0 10.4 0.5 0.9 0

0 12.7 0.7 1.2 0

0 12.5 0.7 1.2 0

0 5.5 0.2 0.6 0

0 12.6 0.6 1.2 0

0.1 5.1 0.1 0.3 0.1

0 1 0.1 0.1 0.1

0 4.4 0.2 0.3 0.2

0 8 0.5 0.8 0

2 16.4 0.8 1.5 1.8



Solvent 

Contribution 

(%)

Waste 

Contribution 

(%)

International 

Shipping 

Contribution (%)

Agricultural 

Waste Burning 

Contribution (%)

Other Open Fire 

Contribution 

(%)

AFCID Dust 

Contribution 

(%)

0 6.1 0.2 0.4 1.8 4

-0.2 2.2 0.3 0.7 1.1 6.3

-0.1 2.4 0.2 0.6 1 5

-0.1 2.3 0.1 0.4 0.9 4.2

-0.1 2.8 0.4 1.4 2.2 6.6

0 4.3 0.3 1 3.8 5.7

0.1 6.4 0.4 0.3 1.5 5.3

-0.1 7.8 0.1 0.2 1.4 2.9

0.2 3 0.4 0.8 10.4 6.2

0.2 3.4 0.4 0.7 8.2 6.4

-0.1 7.1 0.2 0 0.5 2.5

-0.1 2.1 0.1 0.2 0.9 2.3

0 8.5 0.3 0.2 1 3.4

-0.1 4.6 0.1 0.2 1 2.6

0.2 11.2 0.4 0.3 1.1 4.2

-0.1 1.5 1.1 1 0.8 6.9

-0.2 2.8 1.5 2 2.1 7.1

-0.2 2.4 0.9 1.3 1.7 4.9

-0.2 2 0.6 3 1.2 8

-0.3 1 1.4 1 1.3 5.3

-0.1 0.5 1.2 0.2 0.5 5.4

-0.2 0.9 0.8 0.5 0.6 6.8

-0.1 0.8 0.8 0.4 0.5 6.3

-0.2 2.7 0.7 1.9 1.6 8.6

-0.2 3.6 0.9 2.7 3.8 6.5

-0.1 0.9 1.5 0.2 0.4 7

0 1 1.3 0.2 0.4 7.4

-0.2 1.8 0.6 2 0.7 8.1

-0.1 3.9 0.5 2 1.1 6.2

-0.1 3.7 0.4 2.4 0.6 5.1

-0.2 0.8 0.8 0.4 0.7 7.6

-0.3 0.5 1.5 0.4 1.4 5.2



-0.2 3.2 0.6 2.3 3.2 14.6

-0.3 1.5 1 0.7 0.7 9.9

-0.4 1.9 0.8 1.4 1.1 11.5

-0.2 1.1 1.7 0.2 0.7 11.3

-0.3 1.7 1.7 0.3 0.6 8.1

-0.3 1.4 1.6 0.4 0.5 7.5

-0.2 1.4 1.3 0.4 0.4 6.9

-0.4 2.8 0.7 2.7 0.8 11.8

-0.1 3.6 0.4 2.1 4.5 15.9

0 4.2 0.7 0.2 0.6 15.5

-0.1 1.5 0.1 1.5 3.2 7.2

0.1 4 0.4 0.4 0.4 18.8

-0.1 5 0.1 1.5 5.8 19.3

-0.1 3.5 0.1 0.9 4.7 17.4

-0.2 4.2 0.9 1 0.9 17.5

-0.3 2.8 0.7 3.3 0.8 13.5

-0.3 3 1 4.9 0.8 13

-0.4 2.2 0.8 1.1 0.6 12.6

0 0.4 3.2 1.1 10.8 2.6

0 0.4 3 1.3 12.1 2.9

0 0.7 1.7 0.5 9.1 2.4

-0.1 0.3 4.2 0.2 2.9 1

-0.1 0.4 4.2 0.1 1.9 0.8

0.2 4.2 1.6 0.9 1.9 9.5

0.4 3.4 2.7 0.6 4 11.9

0.4 3.7 2.1 1.1 2.4 9.5

0.8 2.7 2.4 1.1 2.1 11.7

0.3 4.5 1.9 1.1 2.3 7.8

-0.1 5.3 2.5 0.7 1.4 8.5

0 4.3 1.5 1.2 2.4 7.8

-0.1 5.2 1.7 0.8 1.8 8.6

0.1 4.7 1 0.6 1.2 9.6

0.1 4.8 0.8 0.6 1.1 11

0 4.9 1.4 0.7 1.3 7

0.2 4.2 1 0.6 1.1 9.2

-0.1 4.3 1.4 0.6 1.1 7.3

-0.1 4.4 1.2 0.7 1.4 7.4

0 6.8 0.5 0.6 1 10.9

0.1 5.9 3.1 0.1 2.6 7.1

0.1 2.9 1.5 1.2 12.2 2.7

0.1 1.3 2.3 0.4 18.5 3.1



0.1 1.3 3.4 0.3 7.2 2.6

0.1 2.2 1.5 0.2 19 4.1

-0.2 1 9.4 0.7 19.6 2.7

0.1 3.1 1.4 1.3 11.6 2.7

0 3.7 1.1 0.6 6 2.1

0.4 3.4 1.3 0.2 4.8 2.9

0.4 3.8 1.3 0.2 5.2 3.9

-0.1 3.2 2.6 1.2 5.3 1.3

0 2.2 0.6 0.6 13.9 3.5

0 3.3 1.2 0.5 24.2 2

0.4 4.8 0.7 1.2 8.7 4.6

0.1 2.7 3.4 0.3 9.7 2.6

0.2 2.5 1.9 0.6 7.8 2.5

0.1 3.8 1.1 0.2 8.9 4.4

-0.2 3.2 2.3 1.4 12.6 2.6

-0.1 3 1.1 0.9 6 3.3

0.2 3.5 1.2 3.3 25.9 2.8

0 2.6 0.7 1.3 19.4 4.5

0 2.8 0.8 0.9 12.9 4.5

0 3.3 1.7 0.4 6 5.4

0 2.9 0.2 1.1 16.8 4.3

0 2.5 0.5 2.1 30 4.3

-0.1 3 0.4 2 27.5 5.4

-0.1 2.2 1.9 0.4 7 5.6

-0.1 0.9 4.5 0.4 1.5 5.1

-0.5 0.8 3.8 0.9 4.3 6.2

-0.3 0.5 1.3 0.2 0.6 5.6

-0.1 0.5 1.1 0.3 0.5 5.6

0.3 0.4 5 0.1 0.6 5

0.4 0.4 4.9 0.1 0.6 5

-0.2 1.6 1.4 0.5 0.3 6.6

0 0.5 8.5 0.1 0.6 4.4

-0.2 0.9 1.8 0.1 0.9 12.1

-0.1 0.7 5.1 0.5 1.5 5.5

0.1 0.7 3.6 0.1 0.6 5.2

-0.2 0.6 6.8 0.1 0.9 5.1

0 0.3 3.7 0.1 0.6 4.6

0 0.4 4.4 0.1 0.5 4.4

0 0.3 2.8 0.1 0.5 4.6

0.3 0.3 11.6 0.1 0.6 3.2

-0.2 1.2 1.6 1.7 1.4 6.4



-0.2 1.4 1 2 4.1 8.8

0 0.2 7.7 0.1 2.2 2.4

-0.1 0.3 16.5 0.1 1 2.1

-0.2 3.8 1.2 0.3 0.1 5.2

-0.2 3.9 1.2 0.3 0.1 5.3

-0.3 1 2.9 0.9 1.6 4.8

-0.4 1.2 4 1.2 1.6 5.7

-0.1 0.8 1.8 0.5 2.1 4.1

0.1 0.4 3.2 0.1 0.6 5.9

-0.3 1 6.4 1.2 1.3 4.6

0.3 0.4 5.4 0.1 0.6 4.9

0.3 0.3 6.1 0.1 0.6 4.5

-0.1 0.6 5.3 0.2 1.4 10.6

0 0.7 12.6 0.7 15.9 5.6

-0.2 0.9 6.4 0.5 3.7 5

0.1 0.7 3.5 0.3 2.8 4.4

0.1 2.6 2.6 0.4 9.5 2.7

-0.2 0.8 4.4 0.1 1.1 9.2

-0.4 0.7 1.8 0.2 0.9 5.8

-0.4 0.7 2.1 0.2 0.8 5.5

0 1.5 6.1 0.1 0.7 4.3

0.1 1.6 4.8 0.1 0.7 4.1

0.1 2 4.9 0.1 0.7 5

0 1.4 5.9 0.1 0.7 4.4

-0.2 1 9.2 0.5 1.8 4.3

-0.4 1 3.9 0.7 1 5.2

-0.1 3.7 1 0.3 14.2 2.9

0 1.2 0 0.5 37.1 3

0 1 0 0.5 41.2 3

0 4.8 1.9 0.5 7.4 3.7

0 4.8 1.6 0.4 6.5 4.1

-0.1 4.1 0.9 0.2 9.4 2.6

-0.1 5.4 4.9 1 2.6 1.7

0 2.6 2.4 0 3.4 1.3

-0.1 2.4 12.2 0.9 4.1 1.5

0 0.4 1.5 0.2 1.6 0.5

0 2.8 5.6 1.6 16.9 2

0 1.4 8.9 -0.5 4.6 1.5

-0.2 3.5 7.1 3 3.7 2.5

-0.1 3.9 7.4 1.2 2.4 2.1

0 2.8 1.9 0.3 2.7 1.2



-0.1 7.3 4.6 0 1.9 1.6

0 0.4 1.8 0.2 1.8 0.5

0 1.1 1 0.6 4.3 0.8

0 8.1 3.5 0.2 1.3 1.3

-0.1 4.5 6.3 0.3 1.8 1.5

0 3.3 4.3 -0.3 3.4 1.2

0 0.5 1.5 0.2 1.4 0.5

0 0.5 1.6 0.2 1.5 0.5

0 0.5 0.8 0.4 4.9 0.6

0 1.4 1.7 0.4 3.4 0.6

0 2.6 3.8 -0.2 3.5 1.3

0 2.9 2.7 0 3.4 1.3

-0.1 4.8 1.4 1.1 7.4 3.6

0 3.6 1 0.3 6.4 4.2

0 4 0.2 0.2 6.8 4.8

0 3 2.4 0.4 3.8 2.4

0 3.8 4.1 0.7 2.1 2

0 6 1 0.6 3.9 2.1

0 6.1 1 0.6 3.7 2.1

0 6.8 0.9 0.8 6.4 1.9

0 6.7 0.5 0.3 3.1 1.3

0 5.3 2.8 1.1 6.3 2.1

-0.2 5.3 1.3 1.7 9.1 4.3

-0.1 4.3 1.6 3 13 3.5

-0.3 4.7 0.3 1.4 11.7 3.5

-0.3 7.3 0.4 0.9 3.2 4

-0.1 3.9 2.9 1.6 7 4.3

0.3 7 2 0.8 9.6 4.3

0 3.2 2.6 0.5 3.1 1.5

0 3.3 2.5 0.5 3.1 1.5

0 2.3 6.2 0.3 1.9 1.3

0 3.2 1.7 0.6 5.9 2.2

0 3.4 1.9 0.5 5.3 2.3

0 3.5 2 0.8 5.2 2.6

0 2.6 2 0.6 11.4 7.7

0 2.6 2 0.6 10.7 7.7

-0.1 3 1.4 0.4 3.4 8.9

-0.1 3 1.8 0.5 5.6 9.1

-0.1 2.6 2.2 0.4 5.5 7.9

0 2.8 1 0.1 6.6 7.9

0 0.7 0.5 0.6 57.4 3.4



0 1.8 6.7 0.2 7.1 7.6

0 2.6 5.4 0.2 6.7 10.7

-0.1 3.4 0.6 2.1 9.7 8.8

0 1.6 0.2 0.9 30.3 5.5

-0.1 3.4 1.3 0.3 0.5 6.4

-0.2 3.9 0.1 0 0.5 5.1

-0.2 5.7 0.1 0 0.4 7.3

-0.2 4.7 5.5 0.5 2.4 13.1

-0.2 4.9 7.1 0.5 2.4 14.8

-0.2 3.8 3.7 0.4 1.6 17.4

-0.1 1.1 0.1 0 0 1.3

-0.2 5.8 1.9 0.3 0.1 11.8

-0.2 6.5 2 0.3 0.1 14

-0.2 4.8 2.4 0.3 0.1 10.5

0 2.6 0.3 0.2 0.5 3.8

0.1 3.6 0.3 0.2 0.7 5.5

-0.1 2.6 0.2 0.1 0.2 2.7

0 2.1 0.2 0.3 0.8 4.4

0 2.9 0.3 0.2 0.5 4.2

-0.1 3.8 0.3 0.2 0.2 4.3

-0.1 4.2 0.3 0.1 0.1 4.6

-0.2 3.4 0.9 0.2 0.1 4.6

-0.1 2.2 0.2 0.1 0.1 1.6

-0.1 3.9 0.9 0.3 0.1 4.9

-0.1 0.6 0.9 0.3 0.5 1.9

-0.1 2 3.3 0.1 0.6 3.3

-0.1 1.5 1.1 0.1 0.4 2.2

-0.2 3.9 1.2 0.3 0.1 5.6

-0.1 0.7 0.9 0 0.1 1.3

-0.1 1 0.1 0 0 1.3

-0.1 1.3 0.5 0.1 0.1 1.6

-0.1 1.1 0.2 0.1 0.1 1.2

0 1.1 0.4 0.2 1.3 2.1

0 1.1 0.3 0.1 0.3 2.2

-0.2 4.5 0.8 0.5 0.2 6.9

-0.2 2.8 4.9 0.4 1.1 16.4

-0.2 3.3 4.4 0.4 1 24.5

-0.1 2.6 1.1 0.9 0.5 7.9

-0.1 3.9 1.5 1.4 0.6 7.7

-0.2 2.2 0.5 0.4 0.3 6.9

-0.2 2 0.6 0.5 0.4 9.4



-0.1 0.8 0.5 0 0.1 1.4

-0.1 2.2 1.1 0.1 0.2 2.1

-0.1 2.3 0.9 0.1 0.2 2

0.4 4.4 0.6 0.9 0.9 10.9

-0.2 6.1 0.1 0.2 0.6 9

-0.2 4.6 0 0.1 0.1 12.1

-0.3 6 0.1 0.1 0.2 9.2

-0.4 5.2 -0.1 0.1 0.3 8.9

-0.2 3.8 0 0.2 3.5 10.6

0.4 4.2 0.7 1 1 11.5

0.6 4.9 0.9 1.1 0.8 10.8

0.3 4.9 0.7 0.5 0.4 14.7

0.5 4 0.7 1 0.7 9.9

0.1 2.9 0.1 0.2 0.3 11.8

0.6 4.8 1.1 0.8 0.7 10.2

0.6 5 1.4 0.9 0.9 11.4

0.9 4.4 1.1 1.1 1.2 16.9

0.9 4.9 1.5 1.2 1.3 12.7

0.4 5.3 1.2 0.6 1.4 17.1

1.2 4.7 1.5 1.4 1.6 14.5

0.8 5.3 1.2 1.1 1 11.3

0.8 4.8 2.5 0.9 1.5 13.3

0.6 5.4 1 0.9 0.8 12.4

0.9 4.9 1.1 1.2 1.1 11.7

0.5 3.5 0.6 0.7 0.6 14.6

0.4 4.1 0.6 1.3 1.7 9.8

0.8 4.3 1 1.1 1.3 15.7

0.2 3.1 0.4 0.8 2.7 7.6

0.3 2.4 0.5 0.8 3.5 11.1

0.4 5.3 0.7 0.9 0.7 8.6

0.2 4.3 1 0.4 0.4 9.4

0.6 4.2 0.7 1.5 0.8 5.1

0.5 5.1 0.8 1 1 7

0.2 8.8 0.4 0.5 0.9 12.7

0.2 8.9 0.3 0.5 0.9 12.8

0.4 8.3 0.2 0.5 0.5 11.5

0.3 7.7 0.6 0.6 0.8 14.8

-0.3 4.8 3.5 0.4 1.3 13.3

0.2 7.2 0.8 0.4 0.5 18.7

0.4 11.9 0.2 0.4 0.5 11.4

0.2 10.1 0.3 0.6 1.1 19.7



0.6 8.1 0.7 0.4 1.2 22.2

0.6 6 0.1 0.3 0.6 11.4

0.5 6.7 0.3 0.5 0.7 16.2

0.7 7 0.4 0.6 0.8 14.1

0.5 8.1 0.3 0.5 0.6 13.4

0.6 8 0.2 0.3 0.4 18.5

0 7.9 1.3 0.2 0.9 21.7

0.2 13.4 0.2 0.6 0.6 12.9

0.5 10.1 0.4 0.8 0.8 10.6

0.1 7.1 0.1 0.3 0.5 16

0.4 8.1 0.4 0.6 0.6 24.2

0 10.8 0.4 0.5 1.5 11.2

0.4 10.3 0.6 0.8 0.7 12.8

0 11.2 0.4 0.6 0.8 8.4

0.1 10.3 1.1 0.6 1.8 13.9

0.6 10.7 0.8 0.4 1.2 15.9

0.2 9.8 0.2 0.5 0.6 10.4

-0.1 12.8 0.2 0.4 0.9 14.1

0.2 8 1.1 0.3 1.1 22.2

-0.2 10.4 0.3 0.6 0.6 7.7

0.1 9.2 0 0.1 0.3 9.2

0.4 11 0.5 0.6 0.7 11.2

0.6 8 0.4 0.6 0.7 11.3

0.2 14 0.3 0.6 0.7 10.8

-0.3 12.1 1.5 0.2 0.6 17.3

0.2 11.3 0.3 0.8 2 16.8

0 10.2 0.5 0.6 1.1 10.9

-0.1 12 0.5 0.5 1.8 12.1

0 6.5 0.5 0.7 1.3 10.4

-0.3 4 4.1 0.3 1.2 13.2

0 5.8 2.8 1.5 14.7 0.6

0 0.4 2.4 0 0.4 0.1

0.1 0.2 1.3 0 0.5 0.4

0 2 2 0 1.2 0.1

- - - - - -

0.1 0.3 7 0 0.6 1.9

0 0.1 2 0 0.9 0.4

0.1 0.1 1 0 0.5 0.5

0.1 0.4 6.1 0.1 0.7 2.5

0 6.4 2.8 1.6 16.5 0.7

0 0.7 2.3 0 0.4 0.1



0.1 0.5 3.1 0.1 0.9 0.1

0 0.1 2.4 0 1 0.1

0 0.6 2.7 0.1 1.9 0.1

0 0.1 2.7 0 0.7 0.1

0 0.1 2.7 0 0.8 0.1

0.1 0.1 1 0 0.5 0.2

0.2 1.9 3.6 0.4 3.6 6.4

0 0.1 2 0 0.4 0.1

0 0.1 1.1 0 0.4 0.2

0.1 5.3 1.2 0.7 4.9 8.9

0.1 5.4 0.9 1.3 22.2 10

0 3.2 1 0.2 4 4.7

0 3.9 4.8 0.4 1.9 6.1

0 3.1 1.1 0.4 13.3 5.1

-0.2 3 0.4 0.1 1.9 4.8

0 4.3 0.8 0.4 4.1 4.5

-0.1 5.5 3.5 0.1 1.5 5.6

0.5 5.8 0.7 1 13.4 13.1

0.1 5.8 2.6 0.5 4 16.8

0.2 6.7 1.6 0.6 3.1 20.7

0 6.1 1.6 0.5 3.9 19.4

1.5 3.4 3.1 1.8 2.6 12.1

0 1.7 5 0 1.7 1.6

0.6 4 0.8 1.2 9.1 9.2

0.7 4.4 1.1 1.6 8.2 11

-0.1 5.5 2.2 0.4 1.4 13.6

-0.2 4.1 1.6 0.4 1 10.2

-0.1 7.5 2.1 0.2 1.1 14.7

-0.1 6.9 2.2 0.1 1 12.3

0.2 18.3 2.4 0.4 1.1 7

0 1.5 2.9 0.1 1 7.2

0.4 6 0.9 1.6 5.9 11.3

0.3 4.1 0.5 1.5 2.5 7.5

0 1.3 1.4 0.2 21.1 2.2

0.2 8.1 1 1 3.2 10.2

0.1 8.7 1.3 3.7 3.1 10.5

0 7.5 1 0.8 2.3 7.6

0 1.1 0.1 1.8 55 2.5

0 0.9 0.2 1.1 67.6 1.7

0 0.9 0.4 0.9 64.2 2

0 0.7 0.1 1 41.8 1.5



0 0.8 0.2 2.4 49.5 2.3

0 1.2 0.1 2 53.9 2.7

0 1 0.1 3 53.2 2.7

0 2.1 0.1 0.4 54 1

0 0.9 0.4 1.2 22.1 3.2

0 0.5 0.3 1.6 37.5 3.1

0 2 0.6 0.7 19.3 4.6

0 3 0 1.1 32.8 5.6

0 2.1 3.3 0.4 18 2.8

-0.1 1.7 1.5 0.1 0.3 2.3

-0.1 1.6 1 0.1 0.5 2.4

0 1.9 0.6 0.3 5 4.2

0 2.2 0.6 0.2 2.1 4.9

0 2.1 0.5 0.3 6 7

0 2.4 0.3 0.2 5.3 8.2

0 3.4 1.4 0.5 31.2 3.8

0 1.9 0.4 0.5 57.6 3

0 1.6 1.5 0.5 43.9 3.1

0 1.2 2 0.4 40.8 2.7

0 3.9 0 1.2 22.8 6.9

0 4.2 0.1 1.2 20.2 7.2

0 1.1 1.3 0.1 0.9 3.4

0 1 0.3 1.5 27.4 2.6

0 1.6 0.5 0.8 27 5.2

0 1.6 0.5 0.4 9.3 6.8

0 2.1 0.1 1.6 20.6 5.5

0 2.1 0.1 1.1 11.9 5.9

0 1.5 0.2 0.6 55.2 2.4

0 1.8 0.1 0.5 56.3 1.5

-0.1 3.4 0.8 0.6 14.7 7

-0.1 2.7 0.3 0.3 17.4 5.8

-0.1 3.8 0.5 0.6 11.4 5.6

0 0.9 0.3 0.4 42.5 2.7

-0.1 3.9 0.9 0.7 8.6 7.5

-0.1 2.4 3.2 0.3 9.6 5.3

-0.1 4.1 0.2 0.6 6.2 8.6

-0.1 3.9 1 0.9 10 4.1

0 1.7 0.5 0.4 37.9 6.1

0 0.9 0.2 1 5.9 1.7

0 0.9 0.2 1.3 6.5 1.9

0 0.5 0.1 0.5 2.3 0.9



0 1.1 0.2 1.2 16 2.4

0 0.1 0.7 0 0.3 0.2

0 0.6 0.1 0.5 6.7 1.1

0 0.7 0.4 1.1 9.8 1.7

0 0.4 0.5 0.6 2.6 0.5

0 0.7 0.3 1.7 9.7 2.2

0 0.7 0.5 2 9.8 2.6

0 0.5 0.3 0.6 11.2 0.7

0 0.4 0.4 0.6 5.4 0.5

0 0.7 0.8 0.9 12 1.1

0 0.4 0.1 0.4 2.3 0.6

0 0.4 0.1 0.5 3 0.7

0 0.1 0.2 0.1 0.6 0.2

0 0.4 0.1 0.2 0.6 0.7

0 1.1 0.1 1.2 4.8 2.2

0 1.4 0.2 1.6 7.5 2.6

0 1.2 0.3 1.7 8.1 2.5

0 0.7 0.1 0.7 1.7 1.4

0 1.4 0.2 1.6 7 2.7

0 0.5 0.7 1.1 35.5 2

0 0.3 0.4 0.5 1.7 0.4

0 0.6 0.6 0.8 12.2 0.9

0 0.8 0.2 1.7 8.1 1.9

0.2 4.8 0.7 0.7 3.4 9.3



Windblown Dust 

Contribution (%)

Remaining 

Sources 

Contribution (%)

GBD2019 CRF

Lower 95% 

Confidence Interval 

(CRF)

Upper 95% 

Confidence Interval 

(CRF)

44.3 3.9 60999 38899 83661

35.7 4.2 3037 2012 4034

49.1 2.9 7590 4617 10689

58.5 2.6 - - -

38.2 5.1 3162 1792 4737

43.2 7 9606 5643 14051

48.8 4.7 - - -

41.7 4.1 2378 1442 3374

17.8 6.3 1989 1418 2532

15 6.8 - - -

37.9 3.5 4459 3049 5822

70.2 1.3 3462 2164 4806

46.5 3.2 25316 16762 33617

67.3 1.7 - - -

38.2 4 - - -

8.4 6.8 92306 54865 133818

20.7 8.3 1580 938 2310

11.4 7.5 3666 2440 4874

14 8.2 9265 5472 13561

8.9 6.5 3024 1726 4502

5 6 6263 3414 9521

7.7 6.2 7200 3958 10902

7.1 5.9 - - -

15.1 8 2845 1957 3718

20.4 8.2 599 370 850

4.5 6.5 27725 16919 39238

4.1 6.3 - - -

11.3 6.8 14936 8195 23045

12.6 7.7 10974 7110 14947

9 8 - - -

7.1 6.4 3420 1909 5135

8 6 808 457 1215

Total Attributable Mortality (Deaths)



12.7 9.6 123227 57686 205136

6.7 8.3 8681 4578 13454

8.5 9 - - -

9.3 10.3 136 9 323

7.8 8.9 1100 513 1849

5.8 8.4 1274 534 2229

4.7 7.1 - - -

9.4 7.2 2074 1009 3377

14.5 10.4 68482 30672 117145

6.9 7.5 - - -

55.3 4.7 - - -

5.8 8.3 - - -

9.5 13.2 - - -

13.7 14.1 - - -

11 11.7 - - -

10.7 8.4 41480 20371 66759

12.1 8.7 - - -

8.6 7.6 - - -

15.1 33.6 2147 597 4218

16.6 30 1802 516 3516

15.3 24.5 - - -

5.8 54.5 346 81 702

5.5 57.3 - - -

6.6 6.8 59889 34089 90490

1 34.4 35 11 68

7.9 8.2 38942 20649 61823

6.3 9.5 - - -

8 7.8 - - -

9.5 6.1 - - -

8.5 6.6 - - -

9.6 6 - - -

5.5 4.4 19685 12741 26753

4.8 4.3 - - -

6.6 4.5 - - -

5 4.6 - - -

6 4.7 - - -

6.7 4.5 - - -

4.8 4 - - -

0.4 13.8 1226 688 1846

2.2 11.9 50594 17329 93521

0.9 10.4 3686 1157 6967



0.5 10.1 - - -

1.5 11 - - -

8.9 21 3 0 8

2.4 12.1 46904 16172 86546

0.6 14.2 - - -

0.4 9.6 - - -

0.4 10.1 - - -

1.1 20 - - -

0.9 9.8 - - -

1.4 11.5 - - -

3.8 2.3 - - -

0.6 11.1 - - -

0.6 10.5 - - -

0.7 13.7 - - -

1.1 23.8 - - -

1.7 16.5 - - -

1.3 6.4 - - -

9 20.2 18377 9779 28513

13.2 24.4 12197 6138 19540

8.5 19.7 - - -

13.6 30.5 - - -

3.2 14.1 5409 3295 7651

2.5 6.9 - - -

7.2 21.6 772 345 1322

10.1 9.4 114536 56831 185059

15.4 11.9 10 4 17

6.8 6.2 2358 1136 3824

5.5 5.9 - - -

4.9 8.8 3458 1798 5471

4.9 8.5 - - -

35.8 8.1 378 201 577

5.7 11.4 1348 633 2236

12 10.5 280 6 741

7.5 9.8 13251 6545 21491

5.5 8.5 - - -

8.7 10.8 - - -

4.6 7.6 26869 13026 43657

4.2 7.5 - - -

4.6 7.2 - - -

3.7 8.6 - - -

25.2 10.2 5592 3019 8723



14.4 8.9 - - -

20.7 39.5 14 1 32

11.5 19.8 496 171 922

38.1 5.5 2161 1263 3119

37.1 5.8 - - -

10.7 8.4 24366 13450 37014

28.1 18.8 - - -

4 5.1 - - -

5.7 8 85 38 144

39.1 16.4 135 65 220

5.1 9.5 4574 2378 7212

4.5 9.7 - - -

18 18 384 90 783

8.6 11.9 2202 884 3989

16.9 10.5 9026 4145 15201

13 7.8 - - -

0.6 10.5 - - -

10.5 12.1 614 51 1445

6.2 7.1 1398 627 2367

6.7 7.6 - - -

8.2 11.9 15518 7290 25840

7.7 10.6 - - -

6.6 10.5 - - -

8.9 12 - - -

5.9 7.3 15 7 24

11.3 7.7 5 2 9

6.1 21.7 15247 9354 21463

7.8 27.8 3393 2108 4722

5.7 28.8 - - -

8.6 19.7 3853 2181 5678

10.8 17.5 - - -

4.7 20.6 8000 5064 11064

10.8 28.1 14258 7804 21590

13.1 49.5 28 15 42

4.9 42.4 84 43 132

72.4 20.6 155 89 225

2.4 42.1 76 43 110

4.7 53.8 8 2 15

3.5 29.7 5918 3323 8889

4.7 32.2 - - -

11.8 49.9 29 16 44



6 33.6 3453 1883 5241

70.8 21.5 47 27 68

68.3 19.8 402 235 577

3.2 19.3 1504 846 2248

4.4 30.3 893 479 1356

11.8 52.4 430 104 857

69.8 22.6 71 42 103

70.1 22.3 57 32 83

70.9 18.3 253 153 357

69.5 19.1 813 459 1173

12.5 52.7 30 11 54

12.8 49.4 8 3 16

13.9 14.8 65630 38150 94095

23.2 15.8 11818 7074 16861

16.7 11.1 - - -

40.3 16 - - -

26.8 33 888 494 1331

10.7 15 1803 1064 2571

10 14.4 - - -

1.8 14.2 3338 2051 4644

0.6 9.3 - - -

7.8 23.1 1581 976 2221

2.7 11.8 34259 19616 49136

9 19.7 - - -

0.5 8.2 - - -

0.2 6.2 - - -

1.9 21.5 - - -

8.7 5.4 - - -

25.5 30.8 863 487 1264

23.3 31.2 - - -

35 30.9 643 328 1013

49.3 16.6 10436 6060 15054

50.7 16.3 - - -

43 15 - - -

4.8 20.8 42973 20585 70359

4.9 20.8 41992 20110 68776

0.6 7.5 - - -

1.3 10 - - -

1.9 15.7 - - -

0.8 12.1 - - -

3.6 23.8 - - -



2.8 54.8 - - -

2.6 41.1 - - -

1 10.5 - - -

3 21.3 981 475 1583

50.8 3.5 317861 227116 404247

51.8 2.8 7110 5208 8918

39.5 3.8 - - -

30.9 8.3 19437 12897 25909

15.8 10.4 - - -

28.9 10.1 - - -

55.7 1.1 551 412 671

42 4.7 87957 67883 106168

36.1 4.6 - - -

39.8 5.9 - - -

52.9 0.9 40870 28535 52551

41.2 2.5 - - -

58.3 -1.5 - - -

46.3 2.2 - - -

46.9 1.4 - - -

56.6 -0.1 22830 16961 28159

56.5 -0.4 - - -

44 4.6 2622 1745 3466

66.2 -1.4 1370 1046 1666

39.3 5.7 3240 2037 4445

77.4 6.1 3030 2093 3925

66.3 4.5 25152 17055 32982

80.2 2.4 - - -

38.9 5.3 1695 1132 2234

73.5 2 1617 1149 2053

58.8 1.1 459 354 552

63.7 1.1 16992 13138 20453

66.8 -0.7 - - -

78 2.8 13005 9667 16117

80.4 1.9 - - -

38.9 4.9 10039 6572 13454

33 9.7 6946 4507 9394

24 9.4 - - -

21.9 6.3 41149 26190 56294

11.8 7.7 - - -

29.5 4.7 - - -

26.2 5.6 - - -



65 1 2783 2019 3475

63.2 3.6 9006 6517 11362

62.9 3.3 - - -

4.1 3.8 1032907 810092 1238344

1.5 4.8 63718 49507 76737

1.2 4.4 - - -

1.4 5 - - -

1.5 4.6 - - -

3.6 3.9 240 170 306

3.4 3.8 866566 682014 1036734

6.4 3.6 - - -

7.3 4.3 - - -

3 3.5 - - -

0.9 3.8 - - -

5.3 5.2 - - -

3.7 3.5 - - -

2.9 3.4 - - -

4.2 4.2 - - -

3.1 3.7 - - -

3.4 3.8 - - -

4.9 3.6 - - -

6.4 5 - - -

5.3 3.6 - - -

4.4 3.9 - - -

2.1 3.5 - - -

2.7 3.8 - - -

2.5 3.3 - - -

3 3.3 15905 12615 19009

4.9 3.6 - - -

13 2.6 86477 65786 105558

17.9 2.9 - - -

3.8 3 - - -

6 2.9 - - -

9.2 3.9 1418337 1075605 1738024

9.2 3.8 1386689 1053525 1696981

10.7 2.8 - - -

4.3 3.8 - - -

8 7.6 - - -

4.3 3.5 - - -

4.8 3.6 - - -

4.1 3.9 - - -



2.6 4 - - -

6.5 4.4 - - -

5 4.2 - - -

4.8 4.2 - - -

5 4.1 - - -

6.3 3.7 - - -

3.8 4.3 - - -

5.1 3.7 - - -

8.2 2.8 - - -

11.9 3.6 - - -

3.8 3.7 - - -

11.8 2.2 - - -

4.6 4 - - -

11.8 2.3 - - -

4.6 5 - - -

2.9 4.3 - - -

9.9 2.4 - - -

5 2.7 - - -

3 3.7 - - -

13.3 2.5 - - -

18.4 3.3 - - -

4.7 4 - - -

6.7 4.1 - - -

5.4 3.1 - - -

5.7 4.2 - - -

4.1 4 - - -

10.5 2 - - -

4.2 3.3 - - -

5.8 4.5 20110 14907 25011

6.5 6.9 11539 7172 16032

2.5 58.1 1381 631 2286

0.7 94.3 7 1 16

0.8 94.8 25 9 45

3.6 82.5 273 104 476

- - - - -

1.7 83.9 25 7 48

2 93.1 11 3 23

1 94.9 10 4 19

2.1 82.1 9 3 17

2.6 54.2 841 424 1330

0.7 93.6 32 13 56



1.6 89.5 80 35 137

3.5 90.8 18 7 30

4 85.7 42 19 70

2.3 93 0 0 1

2.8 92.1 2 0 4

1 95.6 1 0 2

1.3 42.3 4 1 9

0.9 95.5 0 0 0

1 96.1 1 0 3

2.8 10.6 230616 138209 332098

2.6 8 2975 1788 4291

2.4 12.2 93807 54694 137546

1.1 6.9 - - -

0.4 12.5 - - -

2.4 6 - - -

1.3 18.5 - - -

0.7 8 - - -

4.9 6.5 1087 631 1604

0.9 16.2 9619 5179 14843

1 12.3 - - -

0.3 9.1 - - -

7.5 10.9 37 16 64

3.3 74.8 574 293 879

4.7 6.6 21691 14555 28851

4.1 9.2 - - -

1.4 20.2 29306 16666 43512

0.9 9.9 - - -

1.3 27.5 - - -

1.1 26.7 - - -

4.8 6.4 6940 3979 10055

12.9 52.6 33 18 52

3.2 5.8 29501 18954 40308

1.6 3.4 - - -

15.7 34.4 183 100 283

2.8 5 34862 21336 49809

1.3 5.2 - - -

1 4.9 - - -

11.6 9 15279 10064 20591

4 7.1 3851 2425 5351

5 8.7 - - -

37.9 8.2 738 508 967



15.3 11.4 1367 932 1790

10.6 9.3 8344 5536 11198

6.9 7.7 - - -

2.4 4.8 - - -

44.1 9.2 288 201 371

23.4 13.1 691 462 913

24.4 11.5 31529 20012 43791

7.2 8.2 731 480 989

12.2 44.5 75 41 116

60.9 5 343 239 445

64.6 4.5 1078 747 1403

38.3 8 6473 4239 8765

32.2 7 - - -

25.1 12.4 5029 3101 7115

20.9 9.3 - - -

3.5 34.4 1768 1006 2664

4.2 11.1 1070 644 1539

5.2 18.8 1506 906 2175

4.7 23.8 - - -

7.5 8.7 1325 890 1762

7.2 8.2 - - -

61 12.9 583 365 817

42 8.2 1084 712 1469

15 15.2 4856 2961 6929

23.2 15 - - -

16.2 9.6 3430 2317 4545

14.7 8.8 - - -

3.7 7.8 2179 1363 3058

3 7 - - -

8 9.2 29840 18964 40735

9.2 9 803 492 1125

12.8 7.5 781 506 1056

15.8 8.6 697 429 979

8.5 8.9 25035 16073 33892

22.5 20.2 - - -

3.7 4.7 - - -

4.9 10.3 303 182 427

4.2 10.9 2221 1282 3256

74.1 2.7 94736 68733 119976

68.6 2.6 1686 1158 2216

86.2 2.1 2666 1855 3479



58.9 5.1 7777 5708 9754

93.4 4 244 175 310

80.5 2.9 1979 1396 2567

69.3 4.9 4970 3553 6359

89.4 2.3 407 302 508

67.6 3.8 10734 7908 13427

64.8 4 - - -

76.5 3.5 2084 1468 2698

85.1 3 291 213 365

69.7 5.7 506 360 646

89 2.1 2176 1574 2769

87.4 2.4 - - -

95.6 1.3 1117 835 1382

90.9 1.2 2232 1632 2812

70.6 2.3 50577 36761 63987

59.8 2.9 - - -

59.1 3.1 - - -

83.4 1.7 - - -

60.6 2.8 - - -

36.8 11.9 45 29 61

91.7 2 2732 2034 3391

72.2 4.6 1236 868 1601

67.8 2.9 1278 903 1644

16.1 5.2 3832670 2715393 4972016



GEMM
GBD2019 

CRF
GEMM

GBD2019 

CRF
GEMM

GBD2019 

CRF
GEMM

75492 4.2 4.9 5 5.8 5.7 8.8

3644 8.1 9.3 8.1 9.5 3.1 4.5

8630 3.1 3.8 4.6 5.2 4.3 6.8

-

3543 3.5 4.4 6 6.7 2.1 3.5

10602 11.6 14.1 4.7 5.1 4.2 6.7

-

3228 7 8.6 1.8 2 3.1 5

2885 2.6 3.1 0.9 1.2 4.1 6.2

-

7288 4.3 4.9 5.4 6.7 10.3 14.8

3728 1.7 2 3.6 4.1 5.4 8.5

31945 1.6 1.9 5.4 6.6 7 10.3

-

-

100703 5.5 6.6 5 5.6 3.4 5.3

1774 4.5 5.6 1.4 1.6 2.6 4.3

4710 5.3 6.2 11.3 13.3 1.5 2.3

9724 4 5 3.6 4.1 2.1 3.5

3134 7.1 8.8 5.7 6.2 1.6 2.7

6572 6.8 8.2 8.3 8.6 4.6 7.3

7529 8.8 10.8 5.1 5.3 1.4 2.3

-

3380 4 4.8 7.2 8.8 1 1.5

652 1.9 2.4 4 4.6 1.3 2.1

31196 5.5 6.4 5 5.4 5 7.7

-

14974 5 6.4 2.3 2.4 3.5 5.8

12615 5.3 6.4 6.1 7.1 1.9 2.9

-

3586 3.7 4.5 3.6 3.8 5.1 8.1

857 7.7 9.1 6.3 6.4 7 10.9

Total Attributable Mortality (Deaths) COPD Contribution (%) DM Contribution (%) LRI Contribution (%)



117852 3 3.9 2 2.1 1.9 3.2

8560 2.8 3.5 0.6 0.7 1.1 1.8

-

98 3.9 5.3 3.4 3.4 2.5 4.1

1023 2.5 3.3 3.3 3.5 1.7 2.9

1168 3.4 4.5 1.7 1.8 1.9 3.2

-

2024 3.6 4.7 1.6 1.7 2.8 4.7

64298 3.4 4.5 2.9 3.1 2.3 3.8

-

-

-

-

-

-

40682 2.3 3 0.7 0.8 1.4 2.4

-

-

2090 14.2 17.9 10.1 9.6 4.7 7.3

1757 14.2 17.8 10.5 10 4.8 7.4

-

333 14.2 18 7.5 7.2 4.5 7

-

67774 8.3 9.3 5.8 6.1 15.8 22.8

33 6.3 8.2 25.5 25.2 5.7 9.2

42858 8.1 9.1 2.7 2.5 18.2 26.7

-

-

-

-

-

23414 8.9 9.7 12.2 13 10.4 15

-

-

-

-

-

-

1469 5.7 6 2 1.9 24.7 34.7

49670 14.4 18 9.1 8.6 4.5 7

3632 12.6 15.6 9.1 8.6 5.4 8.2



-

-

3 11.8 15.4 4 3.9 3.8 6

46035 14.6 18.2 9.1 8.6 4.4 6.8

-

-

-

-

-

-

-

-

-

-

-

-

-

20581 11.3 12.8 10.6 10.2 15.6 22.8

13619 11.2 12.5 10 9.3 18.9 27.6

-

-

6199 11.3 12.9 11.9 12.4 9 13.6

-

763 13.7 16.7 10 9.5 8.5 13.2

118698 12.6 15.1 8.9 8.7 6.8 10.4

10 15.6 18.7 6.3 5.9 6.9 10.5

2368 10 12.3 10.9 10.8 2.8 4.4

-

3717 15.2 17.6 5.6 5.2 10.6 15.8

-

392 10.8 13 16.9 17.2 3.1 4.9

1403 18.3 21.6 9.1 8.5 7.8 11.7

254 6.6 8.9 3.4 3.4 2.1 3.5

13733 9.1 10.8 9.6 9.2 8.6 13.2

-

-

27266 10.8 13.2 8.8 8.6 4.9 7.7

-

-

-

5806 9.6 11.5 3.2 3.2 7.3 11.5



-

13 11 13.7 4.8 4.4 8.1 12.4

499 15.1 18.4 5.5 5.1 8.4 12.7

2436 10.1 11.4 19.4 19.6 7.9 11.8

-

25517 11.6 13.8 12.1 12.3 3.8 6

-

-

85 12.5 15.2 6.5 6.2 6.3 9.7

138 6.8 8.2 10 9.9 7.8 12.2

4847 16.4 19.2 7.7 7.3 7.5 11.3

-

385 15.7 19.2 6.7 6.1 9.3 13.9

2202 12.1 14.7 13.5 12.7 12 18.3

9163 19.1 22.9 9.5 9 6.3 9.5

-

-

583 10.2 13.1 9.4 9 5.5 8.7

1404 10.8 13.3 8.6 8.4 5.7 8.9

-

16453 16.9 19.6 3.6 3.3 11.8 17.4

-

-

-

15 7.8 9.3 2.9 2.8 8.7 13.2

5 9 11.2 6.5 6.3 5.6 8.9

21966 7.5 7.9 13.9 13.8 23.5 32.3

5522 9.2 9.7 15.5 15.9 20 27.8

-

4518 8.5 9.6 19.6 19.6 13.1 19.6

-

11927 6.4 6.4 10.5 10.6 30.1 39.2

19138 6.1 7 13.2 13.5 8.1 13.9

29 2.7 3.3 27.8 28.6 8.6 13.6

86 3.2 4 19.5 20.2 6.9 11.2

172 3.2 3.7 30.6 31.5 10 15.3

100 6.6 7.5 25.2 25.5 11.5 17.3

7 4.8 6.2 15.6 15.4 5 8.1

6639 8.4 9.7 5.1 5.1 10.5 16

-

33 5.6 6.6 27.1 27.6 8.1 12.7



3951 3.9 4.9 10.7 11.5 4.6 7.6

54 3.6 4.2 24.4 25.4 9.6 14.9

472 2.4 2.9 20.6 22.3 6.3 10

4860 5.1 6 13 13.4 13.1 20.4

967 5.4 6.7 33.2 34.7 3.6 5.8

415 9.9 12.6 35.3 33.8 5.8 9.1

81 7.5 8.8 27.2 28.5 7 10.9

65 3 3.5 28.1 29.7 6.4 10.1

302 4.4 5.3 16.2 17.7 6.5 10.3

870 2.8 3.4 35.7 37.9 3.3 5.1

28 3.1 4.1 19 19.4 2.8 4.6

8 3.6 4.8 22.2 22.8 6.9 11.5

85241 11.1 12.6 22.4 23.1 7.1 11.3

14390 17.2 19.7 8.9 9.3 6.6 10

-

-

974 14.7 17.2 9.3 9.5 6.4 10

2502 8.4 9.3 18.6 19.1 12.5 18.2

-

7029 5.7 5.8 22.8 22.9 24.5 32.7

-

3250 14.1 16.7 6.3 6.8 4.3 6.8

43465 10.7 12.2 30.4 31.2 5.9 9

-

-

-

-

-

1616 10.1 11.7 20.2 20.8 7 10.7

-

694 9 10.9 21.6 21.6 8 12.5

11322 7.2 8.4 15.8 16.8 5.2 8.2

-

-

45750 10.7 12.9 15.3 14.9 10.8 16.7

44559 10.8 13.1 15.1 14.7 10.9 16.8

-

-

-

-

-



-

-

-

1192 6.4 8 22.7 22.9 7.1 11.4

419282 6.1 6.8 6 7.7 6.1 9.6

29383 4.9 5.3 4.2 5.7 20.9 27.2

-

22018 4.9 5.8 5.1 6.2 4.7 7.1

-

-

776 5.9 5.9 26.7 36.1 3.8 4.4

110679 5.4 6 5 7.9 7.4 9.6

-

-

48441 7.3 8.3 7.6 9.5 4.8 6.8

-

-

-

-

27431 1.9 2.2 8.2 11.6 3.4 4.7

-

3077 3.8 4.3 14.4 16.8 6.2 9

1754 3.3 3.7 5.3 8 12.8 16.4

3693 5 5.7 5.2 6 4.1 6.2

3535 5.3 6.2 5.7 7.1 4.8 6.9

30306 4.8 5.6 4.9 6 4.2 6.3

-

1992 3.4 3.8 15.2 18 4.8 7

1951 3.7 4.2 9.9 12.9 5.9 8.2

625 3.4 3.5 14.9 22.7 4.4 5.2

20827 4 4.6 3.6 5.6 7.3 9.8

-

25334 5.9 6.8 2.7 3.8 8.6 11.9

-

11249 3.6 4.3 3.3 3.9 3.8 5.8

7808 5 5.9 5 5.8 4 6

-

47245 12.7 14.4 9 9.9 4.9 7.3

-

-

-



3331 9.1 10.4 8.4 11 4 5.6

17827 5.7 6.6 2.3 3.2 9.4 13.2

-

2146883 24.4 25.5 4.7 7.5 10.9 13.1

158987 14.1 15.6 5.2 7.9 8.3 10.8

-

-

-

524 26.7 29 7.5 9.1 7.7 10.5

1752666 26 27.2 4.5 7.2 10.8 12.9

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

39195 41.2 42.8 2.5 4 10.4 12.3

-

195510 13.8 14.8 6.8 9.8 13.6 17.1

-

-

-

2049784 18.3 20.6 2.4 3.3 2.8 3.7

1992762 18.4 20.6 2.3 3.2 2.6 3.6

-

-

-

-

-

-



-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

43106 21.1 24.1 2.4 3.2 4 5.6

13916 11.6 12.5 16.5 16.7 13.8 19.6

3812 9.8 13.5 23.6 20 10.5 19

5 6.4 8.7 29.1 29.5 3.4 5.6

30 5.6 7.4 25.4 26.1 4.3 7.1

311 2.4 3.1 44 45.2 2.7 4.4

-

22 5.1 6.8 10.3 10.4 3.5 5.8

23 3.6 4.9 28.4 29.9 3.4 5.8

12 5.6 7.4 18.4 19 5.1 8.5

8 5.6 7.5 18.4 18.8 3.3 5.5

2977 13.5 15.6 18.7 17.8 14.5 21.9

46 7.9 10.2 20.6 21 5.2 8.5



260 5.2 6.6 14.4 14.7 8.5 13.9

21 7.6 9.6 32.4 31.8 6.4 10.2

90 7.6 9.8 12.6 13 5.9 9.7

0 5.7 7.6 33.1 33.2 3.8 6.3

2 4.9 6.4 39.8 39 6.1 9.8

1 3.4 4.8 20.5 21.4 5.3 9.1

4 6.2 8.1 23.5 23.1 8 12.9

0 7.3 9.7 22.7 22.9 4.7 7.7

1 6.2 8.5 24.2 24.7 4.1 6.9

326462 8.3 10.2 11.7 12.5 7.6 12

7983 6.9 7.7 8.1 8.2 19.4 28.5

119054 7.3 9.1 13.1 14.3 3.5 5.8

-

-

-

-

-

2831 8.1 9.5 8.5 8.8 12.9 20

10569 6.1 7 4.3 4.3 17.5 26.4

-

-

37 12.2 15.7 9.9 10.1 3.5 5.7

595 4.6 5.6 41.5 42.7 3.5 5.6

46930 14.6 16.6 10.3 11.7 8.2 12.1

-

43218 6.5 7.5 10.4 10.6 14.2 21.7

-

-

-

9675 7.5 8.8 24.3 25.6 5.3 8.2

37 6.8 7.8 10 9.7 17.6 26.4

38193 9.9 10.9 10.7 11.5 12.6 18.2

-

386 9.4 11.2 6.5 6.6 12.4 19.4

46955 8.4 10.3 10.1 11.1 5 8.1

-

-

53321 7.4 8 8.9 8.8 26.6 36.7

8764 5.4 5.7 9.8 10 26.6 36.4

-

4423 6.1 6.1 6.4 7.3 37.4 46.3



2589 6.5 7 10.9 12.6 17.4 23.7

36180 8.6 8.9 7.6 8.1 28.2 37.1

-

-

439 7.5 7.7 13.5 15.9 22.3 28.4

927 5.9 6.3 16.7 18.7 16 21.8

131540 6.4 6.5 9.3 9.4 29.7 40.7

4539 7.9 8.2 7.6 8.1 28.5 37.9

205 6.2 7 11.9 11.5 20.9 31

592 4.5 4.6 8.8 10.4 27.6 35.3

3668 5.7 5.8 7.6 8.8 33.6 42.1

33633 7.4 7.5 9.5 10 31.9 41.2

-

12872 7.6 8 9.9 9.9 26.2 36.5

-

6616 6.1 6.9 6.4 6.4 21.1 31.8

4842 5.5 5.8 10.5 10.2 29.1 40.2

8492 4.2 4.7 10.3 10.4 23.3 34

-

4827 8.7 9 9.4 10.3 26 34.4

-

9549 5 4.9 6.5 6.3 42.6 53.9

4609 5.1 4.9 6.8 7.1 46.2 55.7

18021 4.7 4.8 9.8 9.6 31.8 43.1

-

13648 7.1 7.2 9.5 10.4 31.6 40.3

-

5427 5.2 5.6 9.6 9.8 24.8 35

-

45500 8.3 8.5 21.3 21.6 17.7 25.5

1213 6.4 6.9 18.9 19.2 19 27

1800 9.9 10.4 18.1 19 20.9 28.4

1128 9.4 10.1 15.4 15.7 20 28.4

34898 8.7 9.2 22.3 23.5 16.2 22.3

-

-

561 6.4 6.8 26.3 26.2 19.1 27.1

5900 3.7 3.8 12.5 11.7 31.3 42.5

320839 5 4.9 5.8 7.3 43.4 51.5

7039 5 4.9 6.1 7 40.1 48.9

16949 3.3 3.1 5.1 6.1 49.5 57.5



19088 5.4 5.4 8 10.8 34.7 40.9

393 5.7 6 8.7 11.1 18.9 24.3

13333 4.6 4.4 3.9 4.9 54 61.3

16003 4.9 4.9 6.3 8 38.6 46

1538 6.7 6.9 6.2 8.5 29.3 35.6

22565 5.9 6.1 7.9 10.6 25.5 31.7

-

11118 5.6 5.4 5.5 6.8 44.1 52

1400 5.8 5.9 6.5 8.7 29.4 36.1

2170 4.8 5 7.9 9.9 27.3 34.4

14124 7.6 7.5 5.7 7.4 41 48

-

2501 6 6.1 7.6 10.7 29.3 34.7

19482 4.6 4.4 3.3 4.6 57 62.9

152639 4.6 4.4 5 6.8 49.9 56.4

-

-

-

-

98 12 12.8 3.3 3.5 21.6 29.8

9924 7 7.2 7.6 10.6 27.5 33.1

6034 5 5 5.1 6.2 40.9 49.2

4440 5.5 5.7 6.3 7.6 28.9 36.7

6222380 16.1 18.2 5.2 6.7 7.7 12.3



GBD2019 

CRF
GEMM

GBD2019 

CRF
GEMM

GBD2019 

CRF
GEMM GBD2019 CRF

3.4 3.8 54.3 52.8 27.5 23.9 17558

8.6 9.7 54.5 51.7 17.6 15.2 504

4.6 5.2 57.7 56.7 25.7 22.3 1411

6.5 7.5 44.8 45.4 37.1 32.5 323

4.8 5.4 39.9 39.1 34.8 29.6 1351

2.8 3.2 57.5 57.1 27.7 24.2 1082

5.3 6.5 42.1 41.8 45 41.3 907

2 2.3 51.7 48.6 26.2 22.7 2453

1.9 2.2 55.3 54.8 32.2 28.4 1164

1.8 2.1 60.8 58.6 23.3 20.5 8362

12.6 14.1 43.7 42.6 29.8 25.7 7243

9.1 10.4 42.1 42.6 40.3 35.5 219

11.2 12.9 36 34.9 34.6 30.4 192

7.1 8.1 43.7 44.3 39.6 34.9 432

12.5 14 44.7 44.2 28.3 24.1 130

12 13 50 47.9 18.2 15 575

15 16.5 50 48.7 19.6 16.4 494

8.5 10.1 31.9 31.8 47.4 43 222

13 15.1 34.5 35.2 45.5 40.7 48

17.5 19.1 43.9 41.9 23.2 19.5 2429

8.5 9.6 44.5 44.6 36.3 31.2 1012

11.6 13.3 37.3 36.9 37.7 33.3 1010

9.7 10.7 56.5 54.9 21.4 18 382

19 20.3 34.9 33 25.1 20.4 97

Stroke Contribution (%) Pre-Term Births (Incidences)LC Contribution (%) IHD Contribution (%) 



5 5.7 60.4 61.3 27.8 23.8 8485

4.7 5.4 67.9 68.7 22.9 19.9 308

12.9 14.4 59.7 58.3 17.5 14.5 10

7 8 54.7 55.6 30.8 26.6 49

7.1 8 62.8 62.9 23.1 19.6 56

4.7 5.3 61.2 61.4 26.2 22.3 147

5.6 6.5 53.9 54.6 32 27.5 5955

3.9 4.5 69.6 70.3 22 19 1960

17.3 18.2 36.8 33.8 16.8 13.2 524

17.7 18.5 36.1 33.1 16.7 13.1 457

15.7 16.6 40.8 37.6 17.4 13.7 67

20.3 20.6 23.3 20.7 26.5 20.6 6093

10.9 11.8 33.7 31.4 17.9 14.2 14

20.7 20.5 24.7 21.8 25.7 19.4 2761

19.9 21 19.8 17.9 28.8 23.3 2880

15.5 14.9 37.3 31.6 14.8 10.9 439

17.7 18.6 40.5 37.1 13.8 10.7 8634

22.5 23.5 37.1 33.7 13.3 10.4 593



26.4 28.4 31 28.3 22.9 18 1

17.4 18.2 40.8 37.3 13.8 10.8 8041

10.5 10.6 30.1 26.7 21.9 16.8 4440

10.1 10 30.5 26.5 19.2 14.2 2780

10.8 11.4 29.5 27.3 27.4 22.3 1521

14.2 14.8 28.9 26.5 24.8 19.3 140

18.1 18.8 34.3 31.7 19.4 15.3 14863

24.3 24.8 31.6 28.4 15.3 11.7 1

15.1 16.2 46.8 44.5 14.5 11.7 310

20.6 20.8 29.5 26.4 18.5 14.1 585

12.9 13.8 39.1 37 17.4 14.2 163

21 21.3 26.3 23.5 17.6 13.4 154

12.8 14.2 54.3 52.7 20.8 17.3 21

24.2 25 29.1 26.6 19.5 15.2 2556

16.2 17.2 42.1 39.5 17.1 13.7 2929

16 17.1 36.8 34.7 27.1 22 595



18.8 19.5 43.2 39 14.2 11 3

17.3 17.7 38.5 34.5 15.1 11.6 87

15.6 16.2 29.6 27 17.5 13.9 1253

16.9 18.1 33.1 31.4 22.5 18.3 2191

20.7 21.7 34.6 31.9 19.5 15.3 20

12.1 12.8 46.7 43.7 16.7 13.3 14

24.3 24.8 25.7 23.2 18.4 14.1 596

17.2 17.5 33.6 29.9 17.5 13.3 49

10.9 11.3 22.9 20.8 28.6 22.1 175

17.6 18.1 28.6 25.9 19 14.7 868

13.3 14.2 42.7 39.9 18.8 15.1 68

17.9 18.8 40.4 37.5 16.5 13.1 220

18.4 18.3 32.7 28.8 16.7 12.5 2002

31.1 32 31.8 29 17.7 13.8 1

23.2 24.7 31.2 29.3 24.5 19.6 1

5.9 6 29 24.7 20.1 15.4 9906

4.5 4.6 28 24.4 22.8 17.7 2353

4.9 5.1 32.8 29.7 21.1 16.5 1949

7 6.9 27.5 22.9 18.5 14 5604

8 7.5 39.2 36.3 25.3 21.8 3143

3.8 4 29.8 28.3 27.3 22.2 6

6 6.6 37.6 36.1 26.7 21.9 21

3.9 4.2 25.7 23.8 26.6 21.5 22

5.1 5.3 29.9 27.2 21.8 17.2 46

14.4 15.7 42.1 40 18 14.6 1

13.6 14.2 40.7 37.5 21.8 17.3 445

6.1 6.5 27.8 26.1 25.3 20.4 5



4.3 4.9 48.2 47.3 28.3 23.9 1294

4.3 4.6 30.3 28.4 27.7 22.5 10

1.8 1.9 37.3 36 31.8 26.8 103

2.1 2.3 33.7 31.4 32.8 26.4 723

6.4 7 20.8 20.2 30.6 25.5 198

6.4 6.8 30.9 28.5 11.8 9.2 44

4.7 5 22.3 21.1 31.3 25.7 13

3.1 3.4 33.5 31.9 25.9 21.4 11

4.9 5.5 33.4 32.1 34.4 29.1 71

3.2 3.5 34.9 33.4 20.1 16.8 124

7.8 8.8 50.1 49 17.1 14.2 4

3.4 3.8 28.3 27.7 35.6 29.5 2

5 5.1 37.9 34.5 16.5 13.4 28834

7.1 7.5 41.4 38.4 18.8 15.2 9034

6.3 6.7 45 42 18.4 14.8 446

4.5 4.6 40.5 36.4 15.5 12.3 815

2.8 2.7 28 23.6 16.3 12.3 2494

6.9 7.6 37.3 35.8 31.1 26.3 1018

3.7 3.9 35.5 32.6 13.8 11 10363

3.2 3.4 41.8 39 17.8 14.4 567

6.1 6.5 31.5 29.5 23.7 19 373

7.1 7.8 44.1 41.8 20.5 17 3723

6.6 6.9 32.2 29.5 24.5 19.1 15130

6.6 6.9 32.1 29.4 24.5 19.1 14740



6.1 6.6 33.2 31.4 24.5 19.8 390

4.5 4.8 54.3 50.7 23 20.4 177440

1.6 1.9 43.8 39.2 24.6 20.8 7496

3.3 3.8 55.8 54.1 26.1 23.1 14103

6.1 6.9 42.8 35.3 14.6 11.4 283

1.9 2.5 62.1 58 18.2 16.1 58393

4.7 5.5 52.1 49.3 23.6 20.6 12173

4.4 5.4 49.3 46.9 32.8 29.3 16200

6.4 7.1 43.9 41 25.3 21.6 4901

4.3 5.3 54.2 49.3 20.1 17.4 1224

8.4 9.4 67.4 64.2 9.8 8.4 1070

6.4 7.5 54.2 51.6 23.6 20.8 1512

4.1 4.8 56.5 54.7 25.5 22.7 10153

5.9 6.7 45.2 42.5 25.4 21.9 1416

2.3 2.7 58.2 54.5 20 17.5 1094

6.6 8 54.6 47.3 16.1 13.3 257

2.3 3 55.1 52.1 27.7 24.9 3525

1.8 2.3 53.2 50.5 27.8 24.8 16343

2.7 3.1 66.7 65.1 19.9 17.7 2820

6.7 7.7 54.8 53.1 24.5 21.4 2645

12.8 13.9 39.4 36.8 21.3 17.7 12340



3.8 4.6 48.9 45.7 25.8 22.7 552

2.1 2.6 53.6 50.8 26.8 23.7 8942

2.1 2.7 36 32.2 21.9 19.2 589379

2.1 2.6 28.8 26.7 41.5 36.4 51595

2.3 2.6 35.3 31.8 20.5 17.1 119

2 2.5 36.5 32.8 20.3 17.4 474772

1.9 2.3 24.8 22.1 19.2 16.4 3935

3.4 4 37.6 33.4 24.9 21 58958

11.6 13.9 26.5 24.7 38.4 33.7 178666

11.6 14 26.6 24.9 38.5 33.7 174361



6 7.1 22.9 21.7 43.5 38.4 3040

16.6 16.9 20.6 18.2 20.7 16.1 1265

2.9 3.1 32.4 27.9 20.8 16.6 576

5.7 6.4 34.1 32.5 21.3 17.3 2

3.5 4 37.8 36.2 23.4 19.1 4

1.3 1.5 35.8 34.4 13.9 11.4 49

9.6 10.7 55 52.8 16.6 13.5 6

1.9 2.2 32.3 31.7 30.4 25.4 3

3.7 4.2 41.1 39.5 26.2 21.4 2

10.3 11.6 39 37.4 23.5 19.2 1

3.1 3.1 28.5 25.2 21.8 16.4 459

2 2.2 39.1 37.5 25.3 20.6 8



2.5 2.7 42.5 40.2 27 21.8 22

6.4 6.9 30.2 28 17 13.5 6

3.2 3.5 42.6 41 28.1 23 13

4.9 5.4 33.9 32.3 18.7 15.2 0

7.3 8 26.3 24.4 15.6 12.4 0

3.1 3.6 43.2 41.2 24.5 19.9 0

6.2 6.8 36.9 34 19.1 14.9 0

4.8 5.3 37.1 35.4 23.5 19 0

3.7 4.2 38 36.4 23.8 19.4 0

6.2 6.7 28.2 26.4 38 32.2 67696

6 6.2 24.8 22.2 34.7 27.3 1356

5.1 5.8 29.5 29.2 41.6 35.8 23142

4.7 5 29.9 27.8 35.9 29 525

5.9 6.1 41.1 36.9 25 19.4 3304

3.9 4.3 46.4 44.6 24.2 19.7 17

3.5 3.8 28.2 26.9 18.7 15.3 87

4.7 5.2 19 17.9 43.2 36.5 6259

4.4 4.6 35.5 32.5 29.1 23.1 18547

3.8 4.1 36.7 34.7 22.5 18.6 1289

5.9 6 35.3 31.4 24.3 18.6 11

12 12.7 24.9 22.6 29.8 24.1 7418

4.8 5.1 30.3 28.3 36.7 29.4 111

7.4 8.4 21.8 21.5 47.2 40.6 5631

3.4 3.2 24.7 20.7 29 22.5 20528

3.8 3.8 24.8 21.3 29.6 22.8 7075

2.1 2.2 21 17.3 27 20.9 720



4.1 4.5 29.8 26.5 31.3 25.8 1467

3 3 24 20.5 28.7 22.4 10131

5.3 5.7 23.5 20.1 27.9 22.2 563

5.5 5.9 27.9 24.7 28 22.7 573

2 1.9 21.3 18 31.3 23.5 48729

1.7 1.8 23.7 20.3 30.6 23.8 1243

2.3 2.3 27.7 24.6 31 23.6 50

3 3.2 26 22.3 30.1 24.1 458

1.9 2 21.1 17.7 30.2 23.7 1324

1.7 1.8 22.1 18.6 27.4 21 12659

1.9 1.9 21.9 18.9 32.5 24.8 5106

1.3 1.4 24.7 22.2 40.4 31.4 1965

1.7 1.6 23.2 19.7 30.1 22.6 1337

1.8 1.8 20 17.7 40.4 31.5 2155

2.5 2.6 19.9 17.2 33.4 26.4 1771

1 0.9 19 15.2 25.9 18.7 841

2.2 2.1 16.7 13.2 23 16.9 1677

2.5 2.4 21.3 17.9 29.9 22.3 10517

2.1 2.1 20.1 16.9 29.6 23 4383

2.5 2.6 19.3 16.8 38.6 30.1 3244

5.7 5.6 22.9 20.2 24.1 18.7 16252

4.7 4.8 25 21.9 26 20.2 432

3.2 3.3 19 16.4 28.8 22.5 333

1.9 2 24.3 21.4 28.9 22.5 513

6.2 6.3 22.3 19.5 24.2 19.1 12668

3.6 3.6 20.7 18 24 18.4 207

3.2 3 29.8 24.7 19.5 14.2 2099

2 2.2 20.3 16.4 23.5 17.7 137091

2.3 2.4 20.6 16.9 26 19.9 2150

1.9 2 20.9 16.7 19.3 14.6 3902



3.1 3.5 21.6 18 27.2 21.5 11120

5.3 5.9 35.6 31.3 25.9 21.3 169

1.9 2 15.8 12.6 19.9 14.9 3278

2.9 3.1 22.9 18.9 24.5 19.1 7652

1.7 2 28.4 24.5 27.7 22.5 553

2.1 2.5 24.9 21.6 33.6 27.5 11057

1.9 2 19.5 15.9 23.4 17.9 2406

2.4 2.7 26.3 22.5 29.7 24 362

2.7 2.9 28.4 24.4 28.9 23.3 779

1.6 1.8 19.7 16.2 24.4 19 4112

3.5 4.1 27 23 26.7 21.5 1564

1.5 1.6 14.9 12.1 18.8 14.4 4305

1.7 1.9 18.4 14.9 20.5 15.7 76712

4.5 4.7 29.3 25.9 29.3 23.3 35

3.5 4 26.5 22.6 27.9 22.5 3846

2.1 2.2 22.6 18.6 24.2 18.8 1456

2.8 3 27.8 23.9 28.8 23.1 1635

7.6 7.7 33.9 30.2 29.5 24.8 1361207



GEMM GBD2019 CRF GEMM

24545 4811 6861

639 196 267

1775 504 613

419 108 124

1664 786 877

1641 298 432

1457 196 361

4203 563 1092

1397 274 325

11351 1886 2772

8747 3193 3516

282 63 74

267 45 65

521 251 277

152 75 78

660 343 345

575 285 290

292 104 147

60 16 19

2933 1035 1190

1168 562 559

1283 187 238

442 180 187

111 48 48

Pre-Term Births (Incidences) Low Birth Weight (Incidences)



9659 3879 3455

353 214 212

9 7 4

54 27 24

61 33 27

169 54 50

6752 2759 2386

2261 786 753

580 332 236

505 289 205

74 44 30

7107 4361 4402

15 11 8

3114 2907 2691

3470 1216 1465

508 227 237

9552 5752 4257

656 380 275



1 1 0

8895 5371 3982

5132 2274 2216

3159 1558 1435

1821 631 712

152 85 68

16717 8533 7598

1 1 1

347 168 149

657 271 246

186 36 35

171 81 67

24 14 9

2858 1510 1317

3279 1453 1280

675 279 266



4 2 1

96 64 47

1461 623 665

2499 1166 1141

22 10 8

16 8 7

669 321 287

54 33 23

193 154 118

955 796 644

76 25 17

244 140 116

2228 1379 1155

1 1 0

1 0 0

13871 5160 7036

3740 853 1346

2358 1512 1653

7774 2795 4037

5546 1965 2889

7 3 3

25 18 17

26 11 11

63 22 28

1 1 1

526 223 234

6 3 3



1677 861 978

12 5 6

133 88 106

2507 363 1121

241 177 183

49 34 24

16 7 7

14 5 6

92 56 68

144 86 91

4 2 2

2 1 1

40086 14630 19242

11518 3289 3922

524 195 202

1147 455 610

4961 1344 2700

2270 591 1248

13743 6290 7677

1127 341 614

440 240 233

4357 1886 2036

17596 7602 6952

17066 7349 6676



531 254 276

267499 71840 149526

30910 6693 36613

17287 3450 4523

368 110 201

76699 15651 29574

15168 9012 13109

20561 6202 10254

6016 1706 2254

1597 386 718

1299 520 647

1875 519 732

13204 5709 8200

1750 573 767

1374 485 749

343 136 265

4583 3255 5989

33593 5735 15538

3452 1347 1751

3219 691 872

14839 5585 6676



694 494 763

18670 3581 9332

1257195 383815 1191054

132821 25072 91494

260 54 139

982038 291840 886289

9811 5242 19193

132266 61606 193939

267456 46334 90948

259102 44965 87927



6846 909 2490

1509 460 531

1939 302 804

1 1 1

6 3 3

66 28 28

6 5 3

7 2 3

3 2 2

1 1 1

1709 231 702

13 4 5



84 12 35

8 4 4

33 10 19

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

106133 43901 63644

3696 842 2144

33523 12533 16215

1460 489 1224

3780 2116 2100

20 23 20

100 75 73

14245 3512 8200

28838 15781 22051

1935 1608 2208

12 6 6

9765 3012 3956

253 51 99

8504 3854 5349

65759 10828 36436

15555 4382 9688

3980 346 2310



2766 610 1291

41883 4946 22282

816 245 431

758 300 434

198691 25250 107062

7385 712 4517

140 58 141

754 197 392

4221 568 2197

61602 6142 32395

12701 3427 8292

7639 1606 5535

5809 953 3964

12261 1322 7043

6207 509 1967

12421 433 6581

6321 770 3306

36897 3356 11484

16347 3619 15443

7988 1578 3805

25094 8910 13882

646 286 416

743 190 441

821 337 524

17266 6834 9593

377 92 161

5242 1171 2748

435067 54595 242053

8200 1518 7107

22051 1541 11514



25314 3774 12008

266 70 140

19509 1256 10230

22647 3508 13908

1994 263 1325

22366 4578 12572

11590 956 6086

1660 222 1389

3195 320 1681

24419 1563 12802

3319 572 1738

34082 1546 17839

209187 29421 114778

76 9 20

13267 1998 9710

6501 643 3728

5424 837 3477

2783970 708266 1964067



Data File 2: PM2.5 Exposure Estimates, Combustion Fuel-Type Source Contributions, and To    
McDuffie et al., 2021 - 
Last Updated: March 23, 2021

Name Legend: 
Regions Countries Sub-national regions

Country Name
Population Weighted 
Annual Average PM2.5 

(µg m-3)

Total Biofuel 
Contribution  

(%)

Total Coal 
Contributio

n  (%)

Central_Asia 27.5 9.9 9
Armenia 31.9 5.4 8.6
Azerbaijan 23.9 7.8 4.6
Baku 31.5 7.2 3.7
Georgia 17.8 8.8 9.5
Kazakhstan 19 4.8 9.2
Shymkent 38.1 7.6 7.3
Kyrgyzstan 22.9 11.2 11.1
Mongolia 36.7 11.4 18.2
Ulaanbaatar 81.4 11.7 21.6
Tajikistan 35.9 24.4 8.2
Turkmenistan 25.5 2.2 2.9
Uzbekistan 32.5 8.7 9.9
Bukhara 26.6 2.3 5.4
Tashkent 50.8 7.1 11.7
Central_Europe 20.5 20.8 18.7
Albania 19.8 12.5 15.5
Bosnia_and_Herzegovina 29.8 18 23.8
Bulgaria 19.7 18.1 18.5
Croatia 18 26.8 12.4
Czech_Republic 16.8 23.4 16.4
Hungary 16.5 28.2 14.4
Budapest 19.5 32.4 13.7
Macedonia 31.6 14.7 23.3
Montenegro 21.6 15.1 19
Poland 22.7 18.7 19.5
Warsaw 24.3 18.9 21.7
Romania 15.9 24.6 15.8
Serbia 26.5 19.4 25.8
Belgrade 25.7 18.9 32.2



Slovakia 18.4 23.2 16.5
Slovenia 16.9 27.4 7.2
Eastern_Europe 11.8 12.5 11.2
Belarus 16.3 14.7 15
Gomel 20.9 11.2 14.8
Estonia 5.7 30.8 5.6
Latvia 11.7 30.4 7.9
Lithuania 10.2 26.7 10.5
Kaunas 12 33 10.6
Moldova 13.1 19.2 15.3
Russian_Federation 10.9 11.7 8.5
Saint_Petersburg 8.2 25.3 5.3
Astrakhan 12.1 4.2 7.2
Moscow 13.8 24.5 6.5
Tyumen 13.4 7.5 6.4
Berezniki 13.9 8.5 6.8
Dzerzhinsk 11.6 14.3 7.1
Ukraine 14 11.7 16.7
Nikolaev 14.2 10.8 15.8
Rovno 19.9 13.2 17
Australasia 6.9 3.5 8.6
Australia 7 3.6 9.4
Sydney 7.6 4.8 16.2
New_Zealand 6.6 2.8 4.2
Auckland 6.5 3.7 4
High_income_Asia_Pacific 17.3 11 15.3
Brunei 7.6 10.9 5.6
Japan 13.5 9.2 12.4
Tokyo 15.1 7.4 9.5
Osaka 15.1 10 13.6
Fukuoka 17.7 11.6 16.7
Okayama 13.3 9.7 14.7
Yamaguchi 12.6 11.4 16.2
South_Korea 26.6 13 18.7
Seoul 27.4 13.2 19.1
Busan 24.3 14.1 17.4
Cheonan 28.6 12.8 18.6
Gwangju 27 12.3 18.8
Jinju 27.7 11.8 18.4
Pyongyang 52.9 11.2 24.3
Singapore 18.5 14.5 19.1



High_income_North_America 7.8 13.2 9.1
Canada 7.3 17.1 3.9
Montreal 9.1 26.4 2.5
Victoria 6.3 20.5 1.6
Greenland 5.3 3.1 5.1
United_States 7.8 12.8 9.7
Raleigh 7.6 11.4 15.6
New_York 7.7 23.7 7.4
Philadelphia 8.6 17.4 8.4
Houston 9.9 12.6 10.2
Minneapolis 7.4 10.2 10.2
Portland 8 11.9 4.1
Los_Angeles 10.6 27.2 5.8
Cleveland 8.8 10.8 11.1
Chicago 9 13.3 10.7
Springfield 6.5 15.6 6
Gainesville 6.5 9.2 9.5
Killeen 7.4 9.2 11.3
Modesto 12.1 12.8 5.6
Southern_Latin_America 15.3 15.5 3
Argentina 13 13 1.9
Buenos_Aires 11.5 19.3 1.4
Cordoba 13.9 7.7 1.6
Chile 21.9 18.5 4.8
Santiago 28.9 25.6 5.2
Uruguay 9.8 21 2.1
Western_Europe 11.7 14.3 6
Andorra 8.8 10.4 3.6
Austria 12.1 22.8 9.1
Vienna 14.5 26.8 10.9
Belgium 12.8 13.5 4.6
Antwerp 14.1 14 4.7
Cyprus 15.2 3.2 21.9
Denmark 10.2 15.7 5.4
Finland 5.2 28.2 5.2
France 11.6 16.8 3.6
Paris 14 25.6 3.5
Le_Mans 13.6 11.4 2.9
Germany 11.9 14.1 8.1
Berlin 16 13.5 9.5
Halle 14.6 13.3 9.5



Oldenburg 13.2 8.9 6
Greece 14.6 9.7 18.5
Thessaloniki 15.9 11.1 20.4
Iceland 5.6 1.7 1
Ireland 7.7 4.1 4.1
Israel 19.7 2.1 12.3
Tel_Aviv 21.6 2.1 12.8
Italy 15.6 19.4 5.1
Palermo 15 11.6 6.7
Milan 23.4 25.7 2.8
Luxembourg 9.9 11.3 5.6
Malta 12.4 6.5 5.5
Netherlands 12.4 11.6 5.5
Zwolle 11.8 10 5.9
Norway 6.5 15.5 3.3
Portugal 8.6 9.6 2.1
Spain 9.9 10.5 3.5
Madrid 10.1 17.9 3.2
Toledo 8.5 10.9 10.4
Sweden 5.7 22.7 4.6
Switzerland 10.2 20.9 4.6
Lausanne 12.3 22.6 4.1
United_Kingdom 10.5 10.3 5.4
Sheffield 11.6 11.7 6.6
London 13 12.7 5.5
Manchester 11 9.7 5.7
Monaco 11.4 17.2 3.4
San_Marino 9.8 16.4 6.4
Andean_Latin_America 25.9 8.5 0.8
Bolivia 26 5.1 0.5
Cochabamba 26.2 4.9 0.3
Ecuador 18.8 6.1 0.3
Quito 17.6 6.2 0.3
Peru 29.6 10.3 1.1
Caribbean 16.5 20.6 1.9
Antigua_and_Barbuda 16.2 17.3 0.6
The_Bahamas 13.9 7.5 3.5
Barbados 19.6 1.2 0.1
Belize 19.3 9.1 1.3
Bermuda 7 5.7 4.1
Cuba 17.5 14.5 1.7



Holguin 15.5 15.1 1.2
Dominica 16.8 18.5 0.8
Dominican_Republic 16.8 19.6 2.7
Grenada 19.4 1.2 0.1
Guyana 20.5 2.2 0.1
Haiti 17.8 36.5 2.1
Jamaica 15.2 19.5 1.5
Puerto_Rico 7 13.6 0.4
Saint_Lucia 19.4 1.2 0.1
Saint_Vincent_and_the_Grenadines 19.4 1.2 0.1
Suriname 21.9 1.9 0.1
Trinidad_and_Tobago 19.5 1.3 0.1
Virgin_Islands_US 8.8 14.2 0.4
Saint_Kitts_and_Nevis 8.4 16.7 0.6
Central_Latin_America 20.8 19.2 4.8
Colombia 21.3 16.2 9.5
Bogota 30.5 20.9 14.3
Valledupar 22.2 5.8 1.3
Costa_Rica 17.3 9.6 0.3
El_Salvador 22.6 35.4 2.9
San_Salvador 22.9 36.6 3.1
Guatemala 27.3 50.2 1.5
Guatemala_City 33.5 59 1.6
Honduras 22.3 29.3 1.2
Mexico 20.1 18.1 5.3
Culiacan 18.6 14.3 3.6
Guadalajara 18.9 21.5 5.2
Mexico_City 24.3 30 4.9
Reynosa 20.2 11.5 8.2
Tijuana 17.6 20.2 4.6
Nicaragua 19.1 15.3 0.4
Leon 19.9 16.8 0.4
Panama 13.7 5.4 0.5
Venezuela 20.3 2.9 0.5
Caracas 19.4 2.6 0.2
Cabimas 21.6 3 0.4
Tropical_Latin_America 11.8 23 2.8
Brazil 11.8 23.1 2.8
Sao_Paulo 15.3 37 3.5
Curitiba 8.9 29.8 3.5
Florianopolis 12.8 21.5 7.2



Belo_Horizonte 13.2 29.7 4.4
Palmas 10.4 3.7 0.5
Ilheus 13.6 8.7 0.9
Jequie 13.3 14.1 1.6
Ribeirao_Preto 14.5 25.4 3.5
Paraguay 12.5 19.4 1.1
North_Africa_and_Middle_East 44.1 3.3 6
Afghanistan 50.8 7.9 9.2
Kabul 64.5 9.3 15.5
Algeria 31.6 3.2 1.9
Algiers 34 4 2.2
Tebessa 33.3 3.9 2.2
Bahrain 60.8 0.5 1.6
Egypt 65.8 4.8 6.6
Cairo 80.9 5.5 6.5
Alexandria 56.7 4.7 9.1
Iran 38.3 1.2 2.4
Tehran 36.3 1.5 2.1
Ahvaz 71.1 0.7 2.4
Gorgan 39.6 1.6 2.4
Qom 41.6 1.2 2.1
Iraq 48.6 0.9 4.5
Baghdad 58.2 0.9 4.3
Jordan 32.1 1.9 10.7
Kuwait 63.1 0.5 2
Lebanon 28.5 2.2 11.9
Libya 36.2 1.9 2.6
Morocco 34 4.2 1.9
Marrakesh 44 3 1.2
Palestine 32.6 2.3 11.6
Oman 42.6 1.6 1.8
Qatar 71.6 0.5 1.5
Saudi_Arabia 61.5 1.1 2.1
Riyadh 67.7 0.7 1.7
Sudan 50 3.1 1.4
Khartoum 61.2 2.9 1.4
Syria 31.1 2 12.7
Tunisia 29.3 6.1 2.8
Kairouan 35.4 6.2 2.6
Turkey 26.1 4.7 23
Istanbul 26 8.4 24.1



Malatya 32.7 2.9 22.4
Kayseri 37.5 3.3 20.8
United_Arab_Emirates 42.7 0.8 1.8
Yemen 44.1 2.4 2.4
Sana 44.7 2.2 2.4
South_Asia 76.1 29.2 16.2
Bangladesh 61.9 29.5 14.7
Rajshahi 55.8 28.9 18
Dhaka 69.6 30.6 13.9
Saidpur 61.4 31.7 16.1
Bhutan 38.8 33.7 14.9
India 80.2 28.8 17.1
Jaipur 102.8 26.8 14
Ahmedabad 131.5 29 15.6
Kanpur 152.3 30.6 16.9
Kolkata 85.8 33 20.7
Mumbai 60 27.7 19.6
Pune 57 27 18.9
Hyderabad 47.6 24.8 18.7
Belgaum 44.6 23.3 17.7
Coimbatore 41.2 26.8 17.6
Hindupur 41.3 23.1 18.3
Jalna 52.8 24.1 19.6
Kozhikode 34.8 28.1 16.2
Malegaon 57 25.4 19.5
Parbhani 41.7 23.6 20.2
Singrauli 153.2 27.2 20.8
Sitapur 136.5 29.5 15.7
Vijayawada 56.2 24.5 19.5
Nepal 79.3 39.8 14.1
Pokhara 74.6 40.2 10.6
Pakistan 59.7 30.5 10.3
Karachi 70.8 34 10.1
Lahore 72.5 40.2 11.4
Sialkot 66 31.1 12.2
East_Asia 49.3 13.3 22.7
China 49.8 13.3 22.7
Chengdu 63.9 14.7 26.9
Qingdao 46.8 12.2 24.6
Taipei 22 11.1 17.6
Shanghai 46.2 11.3 22.4



Wuhan 64.6 14 24.4
Hangzhou 54.1 12.5 21.2
Guangzhou 39.9 15 23.4
Beijing 71.8 13.4 23.4
Tangshan 73.4 12.1 22.3
Tianjin 71.7 13.8 22.8
Jinan 70.4 13.8 25.8
Zhengzhou 82.7 13.5 23.5
Hong_Kong 23.5 15.7 24
Anqing 55.4 13.5 23
Bicheng 54.4 15.7 25.1
Changzhi 72.2 9.3 20.6
Changzhou 56.1 12 20.7
Chengguan 37.3 13.7 25
Gaoyou 54.7 13.2 23.4
Guixi 48.9 17.1 23.1
Haikou 22.4 17.2 23.4
Kaiping 39 14.6 23.2
Leshan 58.8 14.9 26.5
Pingxiang 54.3 14.3 24.4
Shenzhen 32.4 16.7 24.9
Suining 51.2 16.8 25
Xingping 68.4 14.2 22
Xucheng 56.1 13.3 24.1
Yanggu 73.6 14 25.7
Yiyang 51.1 14.6 23.9
Yucheng 34.9 14.2 22.3
Zhuji 49.4 12.8 21.6
Zunyi 45.4 14 23.8
Yulin 40.7 16.1 24.5
North_Korea 41.8 11.6 22.5
Taiwan 23.9 9.4 16.4
Oceania 12.7 7.9 0.6
American_Samoa 6.1 0.4 0.1
Federated_States_of_Micronesia 9.1 3.2 1.2
Fiji 9.8 2.2 0.3
Suva - - -
Guam 7.6 1.8 0.9
Kiribati 7.6 0.6 0.1
Marshall_Islands 8.6 0.6 0.2
Northern_Mariana_Islands 7.8 2.1 1.3



Papua_New_Guinea 13.3 8.8 0.7
Samoa 9.6 0.7 0.1
Solomon_Islands 10.7 1.6 0.4
Tonga 9.6 0.4 0.2
Vanuatu 11.1 0.8 1.1
Niue 6.4 0.2 0.2
Cook_Islands 6.1 0.2 0.2
Nauru 5.6 0.5 0.1
Palau 6.7 19.1 5.3
Tokelau 7 0.3 0
Tuvalu 5.7 0.4 0.1
Southeast_Asia 20.1 31.2 12.9
Cambodia 21.2 28.3 8.8
Indonesia 18 36 11.5
Medan 34.6 43.2 6.9
Palembang 25.6 33.9 11
Cirebon 21.4 39.8 16.4
Parepare 14.4 40.9 3.5
Pematangsiantar 25.2 47.3 5.9
Laos 18.5 18.7 13
Malaysia 16.2 14.6 10
Ipoh 17.5 12.1 10.7
Rawang 17.2 12.4 8.6
Maldives 9.9 21.6 11.8
Mauritius 14.7 3.5 2.9
Myanmar 28.5 31.6 12.6
Myeik 22.7 25.4 11.8
Philippines 18.4 22.6 15.6
Manila 27.4 30.3 23.2
Bacolod 19.7 19.6 10.4
Cebu_City 22.4 20.3 12.7
Sri_Lanka 19.6 35.1 8.8
Seychelles 15.4 11.5 3.6
Thailand 26.4 29.8 12.3
Bangkok 30.4 44.2 11.2
Timor_Leste 15.3 9.4 1.2
Vietnam 20 34 17.4
Vinh_Long 23.7 41.1 13.8
Ho_Chi_Minh_City 27.1 46.6 16.5
Central_Sub_Saharan_Africa 32.2 11.8 0.6
Angola 27 5.7 1.7



Luanda 31.2 5.5 1.1
Central_African_Republic 41.3 4.2 0.3
Congo 35.2 11.2 0.3
Democratic_Republic_of_the_Cong 33 14 0.4
Kinshasa 39.4 17.4 0.2
Lubumbashi 27.4 12.8 1
Equatorial_Guinea 41.3 12.6 0.1
Gabon 33.3 14.8 0.2
Eastern_Sub_Saharan_Africa 28.5 21.7 2.3
Burundi 31.5 34.6 0.5
Comoros 16.1 8.9 2.7
Djibouti 41.1 4.5 2.5
Eritrea 41.6 4.7 2
Ethiopia 32.6 22.2 1.8
Addis_Ababa 31.5 29 1.8
Kenya 24.4 25.2 2.5
Nakuru 23.8 28.8 2.5
Madagascar 17.5 11.1 3.9
Malawi 23.1 12.2 3.3
Mozambique 21.4 9.5 9.4
Beira 24.2 8 10.2
Rwanda 33.8 40.2 0.5
Kigali 34.8 42.5 0.5
Somalia 28.8 6.7 2.7
South_Sudan 36.4 8.4 0.8
Tanzania 24.6 23.8 2
Arusha 23.1 25.4 3.2
Uganda 36.7 31.5 1
Kampala 48.5 38.4 1.2
Zambia 24.9 12.7 3.1
Ndola 26 11.6 1.9
Southern_Sub_Saharan_Africa 27 11.7 31.4
Botswana 24.3 10.2 31.2
Lesotho 29.4 11.2 31.6
Namibia 24.4 6.1 9.8
South_Africa 28.8 10.9 36.5
Port_Elizabeth 23.9 6.5 16.2
Johannesburg 40.2 12.6 44.1
Swaziland 23.1 9.4 43.7
Zimbabwe 21.7 16.7 11.8
Western_Sub_Saharan_Africa 59.4 8.9 0.2



Benin 42.6 10.9 0.2
Burkina_Faso 50.4 4.3 0.2
Cameroon 58.9 10.1 0.2
Cape_Verde 46.4 0.4 0.1
Chad 55.3 2.8 0.6
Cote_dIvoire 52.1 7.2 0.1
The_Gambia 58.6 1.7 0.2
Ghana 54 7.6 0.1
Accra 64.3 8.4 0.1
Guinea 50.4 4.1 0.1
Guinea_Bissau 54.6 2.5 0.2
Liberia 46.5 5.8 0.1
Mali 56.5 2.7 0.2
Bamako 56.3 3.1 0.2
Mauritania 64.3 0.7 0.1
Niger 70.9 3.3 0.3
Nigeria 64.2 12.3 0.2
Ibadan 38.9 15.5 0.2
Lagos 34.2 15.5 0.2
Gombe 79.1 6.4 0.3
Oyo 41.1 15.4 0.2
Sao_Tome_and_Principe 29.5 6.4 0.5
Senegal 60.5 1.2 0.2
Sierra_Leone 48.2 5.2 0.1
Togo 44.4 9.7 0.2
Global 41.7 20 14.1



           otal Attributable Mortality Estimates

Oil and Gas 
Contribution  

(%)
GBD2019 CRF

Lower 95% 
Confidence 

Interval (CRF)

Upper 95% 
Confidence 

Interval (CRF)
GEMM

10.7 60999 38899 83661 75492
17.1 3037 2012 4034 3644
14.8 7590 4617 10689 8630
11.9 - - - -
13.5 3162 1792 4737 3543
10.4 9606 5643 14051 10602
9.4 - - - -
11.2 2378 1442 3374 3228
9.7 1989 1418 2532 2885
9.9 - - - -
8.2 4459 3049 5822 7288

11.2 3462 2164 4806 3728
9.8 25316 16762 33617 31945
7.8 - - - -

10.3 - - - -
14.7 92306 54865 133818 100703
15.5 1580 938 2310 1774
12 3666 2440 4874 4710

11.9 9265 5472 13561 9724
18.4 3024 1726 4502 3134
16.3 6263 3414 9521 6572
16.4 7200 3958 10902 7529
16.2 - - - -

10 2845 1957 3718 3380
10.1 599 370 850 652
16.2 27725 16919 39238 31196
16 - - - -

13.6 14936 8195 23045 14974
9.9 10974 7110 14947 12615
8.9 - - - -

Total Attributable Mortality (Deaths)



15.4 3420 1909 5135 3586
22.2 808 457 1215 857
14.3 123227 57686 205136 117852
19.3 8681 4578 13454 8560
18.3 - - - -
15.6 136 9 323 98
17.2 1100 513 1849 1023
17.9 1274 534 2229 1168
16.6 - - - -
14.9 2074 1009 3377 2024
13.7 68482 30672 117145 64298
17.2 - - - -
7.2 - - - -

13.4 - - - -
16.4 - - - -
14.6 - - - -
16.6 - - - -
14.4 41480 20371 66759 40682
14.4 - - - -
16.7 - - - -
12.6 2147 597 4218 2090
12.2 1802 516 3516 1757
11 - - - -

14.6 346 81 702 333
14.4 - - - -
18.7 59889 34089 90490 67774
19.5 35 11 68 33
18.7 38942 20649 61823 42858
20.8 - - - -
19.1 - - - -
16.8 - - - -
17.6 - - - -
16.4 - - - -

18 19685 12741 26753 23414
17.6 - - - -
18.3 - - - -
18.9 - - - -
19.4 - - - -
19.1 - - - -
13 - - - -

27.5 1226 688 1846 1469



27.3 50594 17329 93521 49670
21.3 3686 1157 6967 3632
23.6 - - - -
21.4 - - - -
24.1 3 0 8 3
27.9 46904 16172 86546 46035
28.3 - - - -
31.8 - - - -
31.1 - - - -
27 - - - -

28.6 - - - -
21.9 - - - -
28.5 - - - -
31.1 - - - -
31.6 - - - -
30.8 - - - -
26.2 - - - -
29.8 - - - -
22.1 - - - -
15.5 18377 9779 28513 20581
17.1 12197 6138 19540 13619
23.2 - - - -
15.3 - - - -
12.7 5409 3295 7651 6199
15 - - - -
21 772 345 1322 763

25.5 114536 56831 185059 118698
26.1 10 4 17 10
21.3 2358 1136 3824 2368
19.1 - - - -
25.8 3458 1798 5471 3717
24.3 - - - -
14.2 378 201 577 392
26.7 1348 633 2236 1403
15.1 280 6 741 254
28.4 13251 6545 21491 13733
27.7 - - - -
29.9 - - - -
23.7 26869 13026 43657 27266
22.4 - - - -
23 - - - -



29.3 - - - -
14.1 5592 3019 8723 5806
13.4 - - - -
14.4 14 1 32 13
30 496 171 922 499

20.6 2161 1263 3119 2436
20.6 - - - -
25.4 24366 13450 37014 25517
17.7 - - - -
29.1 - - - -
28.5 85 38 144 85
18.1 135 65 220 138
27.5 4574 2378 7212 4847
28.1 - - - -
17.1 384 90 783 385
26.4 2202 884 3989 2202
29.3 9026 4145 15201 9163
34.7 - - - -
31 - - - -

18.3 614 51 1445 583
28 1398 627 2367 1404

27.3 - - - -
26.8 15518 7290 25840 16453
24.8 - - - -
27.7 - - - -
25 - - - -

30.8 15 7 24 15
25.6 5 2 9 5
15 15247 9354 21463 21966
8.4 3393 2108 4722 5522
8.3 - - - -
34 3853 2181 5678 4518

34.7 - - - -
10.7 8000 5064 11064 11927
22.3 14258 7804 21590 19138
10.8 28 15 42 29
29.8 84 43 132 86
3.1 155 89 225 172

18.4 76 43 110 100
22.2 8 2 15 7
31.4 5918 3323 8889 6639



30.5 - - - -
10.6 29 16 44 33
22.3 3453 1883 5241 3951
3.6 47 27 68 54
2.6 402 235 577 472

19.4 1504 846 2248 4860
29.3 893 479 1356 967
11.9 430 104 857 415
3.7 71 42 103 81
3.7 57 32 83 65
2.6 253 153 357 302
3.8 813 459 1173 870

11.8 30 11 54 28
11.5 8 3 16 8
21.1 65630 38150 94095 85241
15.7 11818 7074 16861 14390
15.2 - - - -
19.7 - - - -
15.7 888 494 1331 974
17.6 1803 1064 2571 2502
17.4 - - - -

12 3338 2051 4644 7029
13.7 - - - -
18.8 1581 976 2221 3250
27.7 34259 19616 49136 43465
27.5 - - - -
30.3 - - - -
29.5 - - - -
28 - - - -

29.5 - - - -
14.5 863 487 1264 1616
15.4 - - - -
19.2 643 328 1013 694
13.4 10436 6060 15054 11322
12.6 - - - -
19.2 - - - -
16.8 42973 20585 70359 45750
17 41992 20110 68776 44559

20.8 - - - -
22.4 - - - -
21 - - - -



22.1 - - - -
4.7 - - - -

13.3 - - - -
16.1 - - - -
21.6 - - - -
11.8 981 475 1583 1192
18.1 317861 227116 404247 419282
10.5 7110 5208 8918 29383
10.2 - - - -
28.6 19437 12897 25909 22018
39.1 - - - -
23.6 - - - -
28.7 551 412 671 776
17.5 87957 67883 106168 110679
19.2 - - - -
17.5 - - - -
23.5 40870 28535 52551 48441
29.4 - - - -
23.4 - - - -
25.2 - - - -
27 - - - -

22.8 22830 16961 28159 27431
23.5 - - - -
19.7 2622 1745 3466 3077
21.9 1370 1046 1666 1754
21.5 3240 2037 4445 3693
6.8 3030 2093 3925 3535

12.8 25152 17055 32982 30306
6.9 - - - -
20.4 1695 1132 2234 1992
12.6 1617 1149 2053 1951
25.4 459 354 552 625
22.9 16992 13138 20453 20827
22.7 - - - -
7.6 13005 9667 16117 25334
7.6 - - - -
19.4 10039 6572 13454 11249
21.4 6946 4507 9394 7808
21.9 - - - -
16.6 41149 26190 56294 47245
18.8 - - - -



15.7 - - - -
15.8 - - - -
19.1 2783 2019 3475 3331
16.4 9006 6517 11362 17827
16.9 - - - -
14.6 1032907 810092 1238344 2146883
19.2 63718 49507 76737 158987
16.8 - - - -
19.7 - - - -
17.6 - - - -
13.2 240 170 306 524
14.2 866566 682014 1036734 1752666
15.4 - - - -
12.8 - - - -
15.8 - - - -
13.8 - - - -
12.1 - - - -
12.3 - - - -
11.6 - - - -
14.4 - - - -
12.6 - - - -
11.5 - - - -
12.7 - - - -
12.3 - - - -
12.5 - - - -
12.5 - - - -
10.5 - - - -
15.9 - - - -
11.5 - - - -
12.3 15905 12615 19009 39195
10.9 - - - -
14.5 86477 65786 105558 195510
12.7 - - - -
15.7 - - - -
16.6 - - - -
11.1 1418337 1075605 1738024 2049784
11 1386689 1053525 1696981 1992762
9 - - - -

12.2 - - - -
15.9 - - - -
9.6 - - - -



10.5 - - - -
11 - - - -

11.7 - - - -
14.3 - - - -
13.1 - - - -
13.8 - - - -
11 - - - -
9.6 - - - -
12 - - - -

10.6 - - - -
11 - - - -
8.9 - - - -

10.5 - - - -
7.4 - - - -

12.1 - - - -
10.8 - - - -
10.4 - - - -
13.7 - - - -
10.2 - - - -
9.3 - - - -

10.6 - - - -
10.1 - - - -
10.7 - - - -
12.1 - - - -
10.8 - - - -
11 - - - -

10.5 - - - -
11.4 - - - -
8.5 - - - -

10.4 - - - -
12.8 20110 14907 25011 43106
16.6 11539 7172 16032 13916
7.6 1381 631 2286 3812
3.2 7 1 16 5
4.6 25 9 45 30
6.1 273 104 476 311
- - - - -

8.5 25 7 48 22
2.6 11 3 23 23
1.8 10 4 19 12
8 9 3 17 8



8 841 424 1330 2977
3.3 32 13 56 46
5.5 80 35 137 260
3.6 18 7 30 21
4.7 42 19 70 90
3.2 0 0 1 0
3.4 2 0 4 2
1.6 1 0 2 1

17.6 4 1 9 4
2.4 0 0 0 0
1.6 1 0 3 1
13 230616 138209 332098 326462
7.2 2975 1788 4291 7983

16.3 93807 54694 137546 119054
22.2 - - - -
14.5 - - - -
15.2 - - - -
20.8 - - - -
18.8 - - - -
7.5 1087 631 1604 2831

23.6 9619 5179 14843 10569
22 - - - -

29.2 - - - -
11.1 37 16 64 37
9.8 574 293 879 595
8.9 21691 14555 28851 46930
9.6 - - - -
12.9 29306 16666 43512 43218
12.7 - - - -
13.8 - - - -
14 - - - -

12.4 6940 3979 10055 9675
8.2 33 18 52 37

11.4 29501 18954 40308 38193
12.4 - - - -
11.7 183 100 283 386

9 34862 21336 49809 46955
7.8 - - - -
8.4 - - - -
2.5 15279 10064 20591 53321
3.3 3851 2425 5351 8764



4.3 - - - -
2.7 738 508 967 4423
3.4 1367 932 1790 2589
2.2 8344 5536 11198 36180
3.5 - - - -
1.6 - - - -
3.7 288 201 371 439
3.3 691 462 913 927
8.5 31529 20012 43791 131540
4.7 731 480 989 4539
6.3 75 41 116 205
16 343 239 445 592

14.2 1078 747 1403 3668
11.3 6473 4239 8765 33633
11.9 - - - -
13.4 5029 3101 7115 12872
15.7 - - - -

6 1768 1006 2664 6616
3.5 1070 644 1539 4842
5.3 1506 906 2175 8492
5.5 - - - -
5.6 1325 890 1762 4827
6 - - - -

7.9 583 365 817 9549
5.5 1084 712 1469 4609
5.9 4856 2961 6929 18021

10.2 - - - -
7.8 3430 2317 4545 13648
9.9 - - - -
2.7 2179 1363 3058 5427
2 - - - -

9.2 29840 18964 40735 45500
9 803 492 1125 1213

10.5 781 506 1056 1800
4.4 697 429 979 1128
10 25035 16073 33892 34898

12.4 - - - -
10.1 - - - -
7.6 303 182 427 561
6.3 2221 1282 3256 5900
3.4 94736 68733 119976 320839



5.3 1686 1158 2216 7039
2.4 2666 1855 3479 16949
3.3 7777 5708 9754 19088
1.4 244 175 310 393
3.2 1979 1396 2567 13333
3.7 4970 3553 6359 16003
1.9 407 302 508 1538
4.7 10734 7908 13427 22565
5.3 - - - -
2.1 2084 1468 2698 11118
1.9 291 213 365 1400
3.1 506 360 646 2170
1.7 2176 1574 2769 14124
1.8 - - - -

1 1117 835 1382 2501
1.9 2232 1632 2812 19482
3.8 50577 36761 63987 152639
6.2 - - - -
6.1 - - - -
3.1 - - - -
6.3 - - - -
2.7 45 29 61 98
1.6 2732 2034 3391 9924
2.6 1236 868 1601 6034
5 1278 903 1644 4440

13.2 3832670 2715393 4972016 6222380



Data File 3: PM2.5 Exposure Estimates for the year 2019
McDuffie et al., 2021 - 
Last Updated: March 23, 2021

Name Legend: 
Regions Countries Sub-national regions

Name
2019 Population Weighted 

Annual Average PM2.5 (µg m-3)

Central_Asia 24.5
Armenia 30.7
Azerbaijan 24.3
Baku 34.2
Georgia 17.6
Kazakhstan 19.2
Shymkent 37.8
Kyrgyzstan 22.7
Mongolia 39
Ulaanbaatar 86.2
Tajikistan 35.6
Turkmenistan 24.6
Uzbekistan 32.3
Bukhara 26
Tashkent 50
Central_Europe 20.2
Albania 19.2
Bosnia_and_Herzegovina 29.3
Bulgaria 19.4
Croatia 18.1
Czech_Republic 16.8
Hungary 16.5
Budapest 19.6
Macedonia 30.3
Montenegro 20.9
Poland 22.6
Warsaw 23.8
Romania 15.8
Serbia 25.2
Belgrade 24.3
Slovakia 18.5
Slovenia 17.2
Eastern_Europe 11.9
Belarus 16.3



Gomel 20
Estonia 5.9
Latvia 11.9
Lithuania 10.3
Kaunas 12.1
Moldova 13.5
Russian_Federation 11
Saint_Petersburg 8.2
Astrakhan 12
Moscow 13.5
Tyumen 13.8
Berezniki 13.4
Dzerzhinsk 11.6
Ukraine 14
Nikolaev 14.7
Rovno 20.1
Australasia 6.8
Australia 6.9
Sydney 7.6
New_Zealand 6.6
Auckland 6.4
High_income_Asia_Pacific 17.4
Brunei 7.8
Japan 13.4
Tokyo 15
Osaka 15
Fukuoka 17.7
Okayama 13.1
Yamaguchi 12.9
South_Korea 27.2
Seoul 28.1
Busan 24.8
Cheonan 29.4
Gwangju 27.7
Jinju 28.4
Pyongyang 55.8
Singapore 18.7
High_income_North_America 7.7
Canada 7.1
Montreal 8.8
Victoria 5.9
Greenland 5.2
United_States 7.7



Raleigh 7.7
New_York 7.7
Philadelphia 8.4
Houston 9.7
Minneapolis 7.3
Portland 7.3
Los_Angeles 10.2
Cleveland 8.7
Chicago 9.2
Springfield 6.4
Gainesville 6.6
Killeen 7.3
Modesto 12
Southern_Latin_America 15.5
Argentina 12.9
Buenos_Aires 11.5
Cordoba 14.2
Chile 22.7
Santiago 30.2
Uruguay 9.7
Western_Europe 11.6
Andorra 8.7
Austria 12.3
Vienna 14.5
Belgium 12.7
Antwerp 13.9
Cyprus 15.6
Denmark 9.7
Finland 5.5
France 11.6
Paris 13.7
Le_Mans 13.5
Germany 11.8
Berlin 15.5
Halle 14.6
Oldenburg 12.7
Greece 14.3
Thessaloniki 15.2
Iceland 5.6
Ireland 7.9
Israel 19.3
Tel_Aviv 21.1
Italy 15.6



Palermo 15.1
Milan 23.1
Luxembourg 10.2
Malta 12.9
Netherlands 12
Zwolle 11.3
Norway 6.5
Portugal 8.4
Spain 9.9
Madrid 10.3
Toledo 8.9
Sweden 5.7
Switzerland 10.2
Lausanne 12.3
United_Kingdom 10.2
Sheffield 11.4
London 12.4
Manchester 10.9
Monaco 11.6
San_Marino 9.9
Andean_Latin_America 26.3
Bolivia 25.7
Cochabamba 26
Ecuador 19.6
Quito 18.4
Peru 30.1
Caribbean 16.3
Antigua_and_Barbuda 16.5
The_Bahamas 14.1
Barbados 20.1
Belize 19.5
Bermuda 6.9
Cuba 16.8
Holguin 15.7
Dominica 17.3
Dominican_Republic 16.8
Grenada 19.9
Guyana 18.9
Haiti 17.6
Jamaica 15
Puerto_Rico 7.1
Saint_Lucia 19.9
Saint_Vincent_and_the_Gren 19.8



Suriname 19.9
Trinidad_and_Tobago 20.1
Virgin_Islands_US 8.9
Saint_Kitts_and_Nevis 8.6
Central_Latin_America 20.6
Colombia 21.3
Bogota 29.6
Valledupar 22.7
Costa_Rica 17.2
El_Salvador 21.7
San_Salvador 21.9
Guatemala 27.1
Guatemala_City 32.8
Honduras 22.5
Mexico 19.8
Culiacan 18.2
Guadalajara 18.9
Mexico_City 24.1
Reynosa 19.5
Tijuana 18
Nicaragua 19.8
Leon 20
Panama 13
Venezuela 20.5
Caracas 19.8
Cabimas 22.3
Tropical_Latin_America 11.8
Brazil 11.7
Sao_Paulo 15.3
Curitiba 9.1
Florianopolis 13.3
Belo_Horizonte 13.3
Palmas 10.1
Ilheus 14.1
Jequie 14.4
Ribeirao_Preto 14.1
Paraguay 12.5
North_Africa_and_Middle_Ea 43.9
Afghanistan 49.9
Kabul 62.6
Algeria 31.9
Algiers 33.9
Tebessa 34.8



Bahrain 58.4
Egypt 66.6
Cairo 81.9
Alexandria 57.3
Iran 37.4
Tehran 35.1
Ahvaz 70.6
Gorgan 36.9
Qom 40.7
Iraq 47.1
Baghdad 57.4
Jordan 30.3
Kuwait 60.7
Lebanon 28.3
Libya 36.9
Morocco 35.2
Marrakesh 49.4
Palestine 31.6
Oman 43
Qatar 67.8
Saudi_Arabia 59.3
Riyadh 64.3
Sudan 51
Khartoum 63.4
Syria 30.7
Tunisia 29.9
Kairouan 34.7
Turkey 25.9
Istanbul 26.4
Malatya 29.1
Kayseri 32.1
United_Arab_Emirates 42.5
Yemen 42.4
Sana 42.3
South_Asia 77.3
Bangladesh 62.6
Rajshahi 54.5
Dhaka 69.1
Saidpur 66.4
Bhutan 38.9
India 81.6
Jaipur 102.4
Ahmedabad 134



Kanpur 154.1
Kolkata 87
Mumbai 60
Pune 63.2
Hyderabad 50
Belgaum 46.1
Coimbatore 43
Hindupur 41.4
Jalna 55.3
Kozhikode 34.9
Malegaon 56.6
Parbhani 42.2
Singrauli 157.5
Sitapur 137.7
Vijayawada 56.8
Nepal 81.4
Pokhara 72.2
Pakistan 60.5
Karachi 70.9
Lahore 74.4
Sialkot 66.9
East_Asia 47.1
China 47.6
Chengdu 61.4
Qingdao 44
Taipei 20.8
Shanghai 44.9
Wuhan 61.4
Hangzhou 51.8
Guangzhou 38.1
Beijing 71.4
Tangshan 74.6
Tianjin 71.8
Jinan 67.9
Zhengzhou 75.2
Hong_Kong 23
Anqing 50.6
Bicheng 50.6
Changzhi 64.2
Changzhou 51.8
Chengguan 34.9
Gaoyou 50.9
Guixi 44.9



Haikou 21.7
Kaiping 37.8
Leshan 54.3
Pingxiang 51.3
Shenzhen 31.4
Suining 49.8
Xingping 60.1
Xucheng 51.5
Yanggu 70
Yiyang 47.1
Yucheng 33.4
Zhuji 47.2
Zunyi 43.5
Yulin 38.8
North_Korea 43.3
Taiwan 23.9
Oceania 12.9
American_Samoa 6.1
Federated_States_of_Microne 9.2
Fiji 9.7
Suva -
Guam 8.1
Kiribati 7.5
Marshall_Islands 8.5
Northern_Mariana_Islands 8.1
Papua_New_Guinea 13.5
Samoa 9.7
Solomon_Islands 11.1
Tonga 9.5
Vanuatu 11.1
Niue 6.5
Cook_Islands 6.1
Nauru 5.6
Palau 6.6
Tokelau 7
Tuvalu 5.7
Southeast_Asia 20.5
Cambodia 21.3
Indonesia 18.7
Medan 33.2
Palembang 27.1
Cirebon 23
Parepare 15



Pematangsiantar 23.7
Laos 19.7
Malaysia 16.3
Ipoh 17
Rawang 17.5
Maldives 9.6
Mauritius 14.8
Myanmar 28.8
Myeik 23.5
Philippines 18.6
Manila 28.5
Bacolod 19.9
Cebu_City 21.2
Sri_Lanka 19.6
Seychelles 15
Thailand 26.9
Bangkok 30.2
Timor_Leste 15.2
Vietnam 20
Vinh_Long 23.7
Ho_Chi_Minh_City 27
Central_Sub_Saharan_Africa 32.6
Angola 27.4
Luanda 31.9
Central_African_Republic 43
Congo 36
Democratic_Republic_of_the_ 33.3
Kinshasa 38.7
Lubumbashi 27.6
Equatorial_Guinea 43.6
Gabon 34.5
Eastern_Sub_Saharan_Africa 27.4
Burundi 32
Comoros 16.5
Djibouti 40.8
Eritrea 41.8
Ethiopia 32.5
Addis_Ababa 31.9
Kenya 21.1
Nakuru 20.1
Madagascar 17.3
Malawi 21.6
Mozambique 20.1



Beira 24.1
Rwanda 34.4
Kigali 35.2
Somalia 29
South_Sudan 35.4
Tanzania 24
Arusha 19.9
Uganda 33.6
Kampala 42
Zambia 24.7
Ndola 26.1
Southern_Sub_Saharan_Afric 26.4
Botswana 24.1
Lesotho 27.2
Namibia 23.4
South_Africa 28.6
Port_Elizabeth 23.9
Johannesburg 40.2
Eswatini 23
Zimbabwe 20.1
Western_Sub_Saharan_Africa 59.9
Benin 44
Burkina_Faso 50.6
Cameroon 61
Cape_Verde 45.2
Chad 55.1
Cote_dIvoire 52.5
The_Gambia 55.6
Ghana 52.2
Accra 61.7
Guinea 49.5
Guinea_Bissau 51.6
Liberia 48.6
Mali 55.7
Bamako 55.3
Mauritania 61.8
Niger 72.5
Nigeria 65.3
Ibadan 42.1
Lagos 35.7
Gombe 78.5
Oyo 45.2
Sao_Tome_and_Principe 30.5



Senegal 57.5
Sierra_Leone 49
Togo 44.1
Global 41.7


	1
	McDuffie Additional Materials 1
	GBD MAPS ADDITIONAL MATERIALS  APP A
	McDuffie 2020 et al essd-12-3413-2020
	Abstract
	Introduction
	Methods
	Overview of CEDSGBD-MAPS system
	Default emission-scaling procedure – CEDSGBD-MAPS update details
	Default BC- and OC-scaling procedure – CEDSGBD-MAPS update details
	Fuel-specific emissions – CEDSGBD-MAPS update details

	Results
	Global annual total emissions in 2017
	Historical trends in annual global emissions

	Discussion
	Comparison to global inventories
	Comparison to CEDSHoesly inventory
	Comparison to other global inventories (EDGAR and GAINS)

	Uncertainties
	Uncertainties in activity data
	Uncertainties in global bottom-up inventories
	Uncertainties in regional-level scaling inventories
	Uncertainties in sectoral and fuel contributions
	Uncertainties and limitations in gridded emission fluxes


	Data availability
	Summary and conclusions
	Supplement
	Author contributions
	Competing interests
	Acknowledgements
	Financial support
	Review statement
	References

	McDuffie 2020 et al essd-12-3413-2020-supplement
	Section S1. CEDS Update Details: CEDSv2019-12-23 relative to CEDSv2016-07-26
	S1.1 Residential waste burning
	S1.2 Other Changes

	Section S2. CEDS Update Details: CEDSGBD-MAPS relative to CEDSv2019-12-23
	S2.1 Activity Data Updates – Additional Details
	S2.2. Emission Factors & Inventory Input Updates – Additional Details

	S2.3 Default CEDS Emissions Scaling Procedure Updates – Additional Details
	S2.4 Default BC and OC Emission Scaling Procedure Updates – Additional Details

	Section S3. Supplemental Results
	Section S4. Known Inventory Issues




	FRO - HEI McDuffie RR 210 Additional Materials
	2
	1 McDuffie 2021
	Source sector and fuel contributions to ambient PM2.5 and attributable mortality across multiple spatial scales
	Results
	PM2.5 exposure and attributable disease burden
	Global and national sector and fuel-type contributions
	Sub-national source contributions

	Discussion
	Methods
	High-resolution PM2.5 exposure estimates
	National-level PM2.5 disease burden
	Simulated fractional sector and fuel-type contributions

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information


	2 McDuffie 2021 Supplementary Information 41467_2021_23853_MOESM1_ESM
	Source Sector and Fuel Contributions to Ambient PM2.5 and Attributable Mortality Across Multiple Spatial Scales
	Supplementary References

	3 McDuffie 2021 Description of Additional Supplementary Data Files 41467_2021_23853_MOESM3_ESM
	4 McDuffie 2021 Supplementary Data 1 41467_2021_23853_MOESM4_ESM
	5 McDuffie 2021 Supplemental Data 2 41467_2021_23853_MOESM5_ESM
	GBD-MAPS_Fuel_Final_Combined_Re

	6 McDuffie 2021 Supplementary Data 3 41467_2021_23853_MOESM6_ESM
	Sheet1





