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The magnitude and distribution of physical and societal impacts from long-lived greenhouse gases are in-13

sensitive to the emission source location; the same is not true for major co-emitted short-lived pollutants like14

aerosols. Here we combine novel global climate model simulations with established response functions to show15

that identical aerosols emitted from different regions (Brazil, China, East Africa, Western Europe, India, In-16

donesia, USA, and South Africa) produce divergent air quality and climate changes and associated human17

system impacts, both locally and globally. The marginal global damages to infant mortality, crop produc-18

tivity, and economic growth from aerosol emissions and their climate effects differ by more than an order of19

magnitude depending on source region, with certain regions—particularly developed regions in the north-20

ern mid-latitudes—creating global external climate changes and impacts much larger than those felt locally.21

Importantly, these aerosol impacts arise from region-specific aerosol-climate interactions, are magnified by22

the geography and vulnerability of underlying human systems, and drastically increase both local and remote23

benefits to reducing emissions from human activity, particularly in the emerging economies assessed. These24

findings provide quantitative evidence that a social cost calculation incorporating geographically-resolved25

climate and air quality impacts from both long- and short-lived emissions would both increase incentives for26

mitigation and strongly differentiate between source regions, potentially stimulating coordination between27

regions with interlinked damages.28

Credible climate accounting – or the valuation of impacts from anthropogenic emissions – requires linking emissions29

from known sources to their downstream benefits and damages. A robust literature has emerged to estimate the social30

cost of carbon (SCC), or the marginal damages associated with an additional emission of carbon dioxide (CO2).1–531

Development of the SCC methodology has benefited from the physical reality that CO2 is long-lived and well-mixed32

in the atmosphere, and its impacts on the earth system are thus independent of emission location. Along with CO2,33

1



however, human activities also produce co-emissions of shorter-lived compounds – including black and organic car-34

bon aerosols, carbon monoxide, nitrogen oxides, volatile organic compounds, sulfur dioxide, and other trace chemi-35

cals – that are not well-mixed and thus likely exert geographically heterogeneous influence on atmospheric compo-36

sition, climate, and human systems.6–8 A full cost-benefit analysis of any mitigation action or policy would ideally37

take into account the emission location and balance the cost of mitigation against the full suite of benefits that would38

accrue from all mitigated co-emissions, in addition to CO2.39

Although the idea of accounting for such co-benefits is not new,9–12 geographically-resolved climate accounting has40

yet to be implemented, because it requires tracing both the air quality and climate impacts of identical emissions41

from different locations. Previous studies have either focused only on air quality-related health impacts,13–15 assessed42

emissions from a single region,16–18 used simplified models without coupled chemistry and climate,15,19–24 or have43

modeled emissions reduction scenarios where emissions are simultaneously reduced across broad areas, which can-44

not isolate the full impact of an emission from a particular location.25–28 Building on recent literature on the spatial45

dependence of aerosol-climate interactions,7,29–33 here we link novel aerosol perturbation experiments in a fully dy-46

namical, global chemistry-climate model with empirically-estimated damage functions to map the size and spatial47

distribution of physical changes and societal damages that accrue when identical aerosols are emitted from eight rep-48

resentative regions (Brazil, China, East Africa, Western Europe, India, Indonesia, USA, South Africa; Figure S1). In49

doing so, we comprehensively quantify the geographically-resolved societal impacts of aerosol emissions, not only50

through their localized effects on air quality (i.e. surface concentrations of PM2.5 and column-integrated Aerosol51

Optical Depth) but also through their heterogeneous impacts on climate (i.e. temperature and precipitation). To our52

knowledge, this is the first study to geographically resolve the per-emission impacts of aerosols from different regions53

in a fully integrated climate modeling framework that simultaneously considers air quality and climate pathways.54

Many important outcomes are known to be multivariate functions of environmental exposures. By utilizing a fully-55

coupled chemistry-climate model, our methodology allows us to assess, in a self-consistent manner, impacts due to56

changes across a range of environmental parameters that are all affected in spatially- and temporally- varying ways by57

the aerosols and their precursors that are co-emitted with CO2.58

The analysis framework is shown in Figure S1. In brief, we run the NCAR CAM5 model coupled to a slab ocean59

for 100 years with a repeating annual cycle of boundary conditions. In the control environment, global CO2 con-60

centrations are held at year 2000 levels and aerosols are fixed at 1850 levels. In the perturbation environment, we61

separately impose an additional aerosol emissions burden generated in one of the 8 regions (experimental condi-62

tions). The additional emissions burden is equal in magnitude and composition across experiments and includes a63

modern representative mix (roughly equivalent to year 2000 emissions in China) of Black Carbon (BC), Organic Car-64

bon (OC), and Sulfate precursor (SO2), which is interactively transported, aged, and removed by the circulation and65
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chemistry of the model. While other co-emitted pollutants – including heavy metals, high-GWP gases, and ozone66

precursors like NOx, methane, and other volatile organic compounds – are known to contribute to secondary aerosol67

formation and to impact human health, plant health, and climates, BC, OC, and SO2 drive the vast majority of non-68

GHG climate effects34 and are the main anthropogenic contributors to present-day PM2.5 levels in most regions.35,3669

We then link the steady-state environmental changes in each experiment to established exposure-response functions70

from the literature to estimate impacts on infant mortality (due to surface PM2.5 concentrations),37 yields of main71

staple crops (due to changes in temperature, precipitation, and Aerosol Optical Depth (AOD); AOD is a measure of72

aerosol abundance in the full thickness of the atmosphere and influences the quantity and quality of light available for73

photosynthesis),38 and macroeconomic growth (which shows a strong, non-linear response to temperature).39 While74

aerosols likely impact other important outcomes, both directly (e.g., adult morbidity and mortality) and indirectly75

(e.g., changes in soil moisture that lead to increased fire risk), we examine these three outcomes because they are key76

determinants of welfare and occur on annual or shorter time-scales, and are thus separable from longer run aerosol-77

(or GHG-) mediated processes. By holding the total quantity and composition of the emissions portfolio constant,78

but varying its source location against an otherwise fixed-aerosol background, we test the extent to which a set of an-79

nual impacts of this mix of BC + OC + SO2 vary based on source location. To then scale these physically-equivalent80

emissions scenarios to regionally-representative conditions, we normalize to per-unit impacts, and then normalize81

to regional CO2 emissions to produce realistic co-emissions impacts (see Methods for details). Critically, we con-82

sider co-benefits and co-damages that occur not just from air quality impacts, but also from geographically-resolved83

aerosol-induced climate changes.84

Results85

We find a large divergence in impacts resulting from identical amounts of aerosols emitted from each source re-86

gion that begins with strongly differing physical system responses in both air quality and climate conditions. After87

emission, primary BC and OC aerosols, and secondary sulfate aerosols formed from SO2, are wafted into the atmo-88

sphere, transported, and deposited through a suite of mechanisms. Although the physical distribution of the particu-89

lates at the surface remains mostly local to the region of origin (Figure 1A), higher up in the atmosphere aerosols are90

transported farther, resulting in increased aerosol optical depth locally and in downwind regions (Figure 1B). These91

aerosols then exert radiative effects on climate by absorbing and scattering incoming radiation both directly and indi-92

rectly through cloud nucleation (see8 for additional discussion). This changes the temperature structure of the surface93

and atmospheric column, which in turn affects larger-scale circulation patterns (Figure 1C). Finally, aerosols affect94

precipitation via changes to atmospheric stability and large-scale circulation and, potentially, through interactions95
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with clouds as condensation nuclei (Figure 1D).96

Global-mean increases in surface PM2.5 and column AOD from each region’s emissions both vary by a factor of97

2.5 (Figure 1A-B, Figure S2A, and Table S1), symptomatic of differences in the removal processes and atmospheric98

transport patterns present in the ambient environment into which the aerosols are emitted.40,41 Global-mean tem-99

perature effects vary by more than an order of magnitude (Figure 1C). Broadly, the distribution of the aerosols, the100

strength of regional radiative forcings produced, and the efficacy of the forcing at producing climate feedbacks all101

contribute to the magnified temperature differential relative to the surface PM2.5 and column AOD differential.8102

Global-mean total precipitation reductions vary by a factor of more than 6 (Figure 1D), but are strongly correlated103

(r = 0.95) with the global-mean temperature response (Figure S2B), and can be viewed as a global hydrologic cycle104

response to the aerosol-induced cooling.42 The diversity of responses to identical emissions demonstrates that the105

geographic distribution of sources is a critical determinant of aerosols’ influence on the physical environment.106

These aerosol-driven changes to both air quality and climate conditions would be expected to affect a range of so-107

cietal outcomes. Here we evaluate three major welfare impacts – infant mortality, staple crop production, and gross108

domestic product (GDP) – that have been shown in studies of the recent past to respond to atmospheric changes on109

annual (or shorter) time scales. PM2.5 in the surface air layer exposes infants both in-utero and during infancy, which110

can increase the risk of respiratory infections,43 low birth weight,44 and neonatal mortality45 (Table S2). The net im-111

pact of AOD on photosynthetically available light (increasing diffuse but decreasing direct sunlight at the surface)112

reduces yields of maize, soy, rice, and wheat,38 while cooling and reduced precipitation during the growing season113

due to aerosols can either increase or decrease productivity depending on crop type and on baseline growing condi-114

tions relative to the optimum (Table S3).46 At a macroeconomic level, annual GDP growth has been shown to have115

a non-linear response to temperature (Table S4).39 We quantify "global" (i.e. aggregated over the entire globe), "ex-116

ternal" (i.e. aggregated only outside the aerosol source region), and "local" (i.e. aggregated only within the aerosol117

source region) impacts, such that global impacts are the sum of local and external impacts.118

We find that the divergence in aerosol physical impacts is further magnified by the co-location of impacted social119

systems and their underlying vulnerabilities. That is, the more spatial overlap between physical system changes and120

human systems, and the more vulnerable the human system, the larger the social impact. The geographic distribu-121

tions of crop areas and human populations are shown in Figure S3A; their vulnerability is characterized by baseline122

conditions (infant mortality rate, baseline crop yields, baseline per capita GDP), shown in Figure S3B. The influ-123

ence of co-location of physical and human systems is summarized in Figure S4, which shows how simple land area124

average, population-weighted average, and crop area-weighted average changes in PM2.5, AOD, Temperature, and125

Precipitation can differ by up to a factor of 2 (e.g., local area average versus crop-weighted average precipitation for126
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Indonesia, global average versus population-weighted infant mortality for Europe).127

The confluence of physical impact heterogeneity and the geography of human systems and vulnerabilities means that128

global infant mortality impacts span almost two orders of magnitude across scenarios (Figures 2A,B and S5A)–a129

range ten-fold larger than the variation in surface PM2.5 changes. Aggregate crop productivity effects range from130

strongly negative to weakly positive (Figures 2C and S5B), as does GDP change (Figures 2D and S5C), even though131

all source regions produce the same global-mean sign of change in the associated physical system drivers (temper-132

ature, precipitation, and AOD in the case of crop productivity and temperature in the case of economic growth).133

Results are summarized in Tables S5 and S6.134

The degree of co-location of increased surface pollution with large vulnerable infant populations is the leading driver135

of disparities in excess infant deaths from the different source regions, as well as the degree to which impacts are felt136

locally versus globally (Figures 2B, S5A, and S4). The Indian and East African emissions scenarios, which produce137

the most excess infant deaths, do so primarily via the co-location of the resulting surface pollution with large and138

highly vulnerable infant populations (Figure S3). The lower number of excess deaths from the U.S. emissions sce-139

nario emerges partially because the distribution of surface pollution produced is biased away from populated areas140

and infant numbers and because vulnerability is relatively low in the populated areas affected.141

Indian emissions produce the largest total atmospheric aerosol loadings8 and therefore largest increase in PM2.5;142

this is strongly confined to the source region, likely due to the partial geographic barrier to ventilation created by the143

Himalayas. The spatial pattern of PM2.5 increase is highly co-located with large, vulnerable infant populations as144

well, compounding with the large PM2.5 increase to generate large infant mortality effects. European emissions do145

not produce as large of a total increase in PM2.5, but the increase is spatially dispersed and co-located with external146

regions that have large, vulnerable infant populations. Combined with low infant vulnerability within Europe, this147

produces the strongly externalized impacts (four times as many excess infant deaths outside regional boundaries148

compared to inside).149

The spatial distribution of crop productivity stems from the distributions of the four crop types assessed (Figure S3150

as well as their relative sensitivity to each of the three driving physical system changes (AOD, temperature, and pre-151

cipitation) (Table S3). In cases where crop productivity effects are of a different sign outside vs. inside the source152

region (e.g. Europe and South Africa), the local AOD-driven reduction of photosynthetically available light domi-153

nates the crop response and generates large local crop productivity declines (Figures 2C, S5B, S4, and S6). In areas154

external to the source region, temperature and precipitation effects dominate the influence on crop productivity and155

may have either positive or negative impacts depending on the optimality of the baseline climate in that region for a156
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given crop type. Wheat is the largest driver of overall productivity declines (Figure S6), amplified by the co-location157

of patterns of strong physical system change with wheat-growing regions in most of the experiment configurations.158

Indian emissions again produce the largest negative global total crop impacts, but the global totals are largely driven159

by strong within-India (i.e. local) impacts. The same mechanisms that produce the large local surface PM2.5 con-160

centrations in response to Indian emissions contribute to enhanced local AOD loading, which drives large absolute161

declines in the local production rate of all crop types, particularly wheat and rice (Figure S6). India has extensive162

area devoted to these crops, including some very high-yielding regions. Emissions from Europe and South Africa163

damage local crop productivity while benefiting aggregate external crop productivity (Figure 2C and S5B). In these164

cases, aggregate external crop productivity is enhanced by the large-scale cooling generated by aerosols from these165

regions (Figure S6), which is more geographically dispersed than the increased AOD (Figure 1). However, it should166

be noted that emission source locations with aggregate local crop benefits still cause discernable declines throughout167

northern Africa, the Middle East, and South Asia (Figure S5B).168

The geographic distribution of macroeconomic effects (Figure 2D and S5C) bears the fingerprint of the dependence169

of the underlying economic damage function on baseline climatological conditions in the impacted region.39 Be-170

cause the aerosols cool globally regardless of source location, regions whose climatological temperature is above the171

economic optimum (e.g. India) experience cooling-driven economic benefits from their own emissions, while those172

with climatological temperature below or at the economic optimum (e.g. China, U.S.) experience cooling-driven173

economic damages. An exception to this is Europe, driven by the fact that the large temperature changes induced by174

European emissions occur primarily outside of the source region. No source region generates net global aggregate175

damages, though all emissions regions have important distal impacts (Figure S5C).176

We explore the relative contributions of the physical changes, the geography of human systems, and their underlying177

vulnerability by comparing our simulations to constructed scenarios in which either (a) the physical system changes178

are spatially homogeneous (held at the global mean change for each scenario); (b) the spatial distributions of the179

impacted system (infants, crops, and people) are homogeneous; or (c) the spatial distribution of vulnerability is ho-180

mogeneous (i.e., constant mortality rates, crop yields, and baseline GDP). The global results are shown in Figure S7181

(and Figure S8 for individual crop details). For both infant mortality and crop production, the physical distribution182

of aerosols is the main driver of the total impact, at both the global and country level (insets). For GDP, the impacts183

are driven more heterogeneously by different physical impacts, the quadratic damage function, and the distribution184

of people (and therefore economic activity). For all three outcomes, underlying vulnerability plays a relatively small185

role.186
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The diversity and spatial heterogeneity of these computed economic, human health, and agricultural damages sug-187

gest that including such effects in an aggregate social cost of anthropogenic activity would introduce new geographic188

structure to mitigation cost-benefit analyses. To contextualize this, we normalize the constant aerosol emissions used189

in our perturbation experiments to co-emitted CO2 emissions to map our experimental conditions onto more realis-190

tic scenarios. We normalize using both global-average (Table S7) and region-specific (Table S8) BC:CO2, OC:CO2,191

and SO4:CO2 ratios drawn from spatially explicit inventories47 to show how the local emissions portfolio changes192

this calculation. We use regional average values as representative of the regional average ratio (and thus impact or193

cost), even though this ratio varies widely within regions both across space and across sectors (Figure S15). These194

normalized impacts provide a direct estimate of how aerosols modify the damages associated with marginal carbon195

dioxide emissions, or the Social Cost of Carbon (Figure 3). We monetize impacts using average crop prices48 and196

standard methods for estimating the value associated with premature mortality (Value of Statistical Life, or VSL;197

see Methods).49–51 We show impacts per tCO2 both in physical and monetary units to facilitate both multi-attribute198

and single-dimensional benefit-cost analysis; when aggregating impacts across sectors, we sum mortality and GDP199

impacts, but not agricultural production, since agricultural production is recorded within GDP (Methods). We find200

that, on a per tonne of CO2 basis, the co-emissions of aerosols add $4 to $139 to the value of the CO2-only Global201

Social Cost of Carbon (GSCC, $418/tCO2). These numbers grow under other assumptions about the VSL (Figure 3),202

in some cases exceeding the GSCC. The aerosol-based modification to the GSCC is highest for Indian emissions,203

reflecting mortality impacts that are not offset by global total increased economic output. The modification is lowest204

in percentage terms for Brazil ($4.44) and Indonesia ($5.65), although the values for Europe and the United States205

are lower if a global average VSL is used. These smaller regional impacts are due to either smaller effects in both206

domains (e.g., the United States) or offsetting effects (Brazil). Figure 3 shows the total impacts across GDP and mor-207

tality pathways; the corresponding Table S8 shows that, across all emitting regions, these totals are dominated by the208

excess mortality costs.209

Interestingly, when compared to the damages from CO2 that accrue at the national level (i.e., the Country-level So-210

cial Cost of Carbon, or CSCC4), taking into account the effects of the localized aerosol impacts dramatically alters211

the cost-benefit calculus for many emitting regions (Figure 3, red crosses). It more than doubles the value for China,212

and raises it from negative to positive for Europe. India’s value rises by 40%, South Africa’s by a factor of 10 (from213

$3.3 for CO2 alone to $32 when localized aerosol effects are included), and Eastern Africa’s value grows from less214

than one dollar due to CO2-related damages to over $30 when aerosol effects are included. These values are even215

higher when the local composition of emissions is taken into account. Areas with high coal and diesel emissions216

(China and India) have higher ratios of aerosols to CO2 emissions and therefore a much greater fraction of social217

costs due to aerosol-related damages. Finally, while emissions from all locations generate total global GDP benefits218

7



via cooling, we find that this is not driven by net benefits in agriculture, which we consider to be included in the total219

GDP benefit estimate (Figure S16). For example, most GDP gains from Indian emissions are generated locally, but220

crop losses total to around a tenth of that amount.221

Discussion and Conclusions222

Although warming from anthropogenic CO2 generation creates heterogeneous impacts around the world, these CO2-223

specific damages are independent of emission location. The key conclusion of this analysis is that the dynamics of224

aerosol damages are entirely different. Their short-term local and global impacts are strongly dependent on the loca-225

tion of emission, and heterogeneity in those impacts is strongly driven by the physical interactions between aerosols226

and the general circulation, not simply the distribution of impacted human systems or their underlying vulnerabilities.227

Therefore, because aerosols are co-emitted with CO2, accounting for them in the social cost of emissions fundamen-228

tally changes the mitigation paradigm. The analysis presented here builds on previous work to characterize these dif-229

ferent types of anthropogenic emissions,10,20, 52, 53 and extends and formalizes these ideas by creating an experimental230

framework and methodology to more fully assess the full impact of a diverse emissions portfolio in a physically con-231

sistent manner. The importance of our full-system approach simultaneously considering both air quality and climate232

pathways is illustrated in Figure S10, which shows how estimates vary when crop impacts are assessed using only233

AOD versus AOD, temperature, and precipitation.234

By assessing the impacts of identical emissions from multiple major source regions, we are able to identify the ge-235

ographic distribution of marginal damages and, consequently, of mitigation incentives for each source region, en-236

abling mapping of cooperation incentives and optimal mitigation investments. Importantly, inclusion of impacts of237

co-emitted aerosols and their precursors changes both the global and localized costs associated with anthropogenic238

emissions. For the 8 emitting regions, inclusion of these effects should raise marginal willingness to pay for mit-239

igation of emissions in global and purely self-serving (“localized") terms. Perhaps surprisingly, even when using240

non-linear damage functions that have the potential for positive impacts (benefits) to aerosol emissions, we find that241

‘local’ impacts are always negative. This is a critical note, since simultaneous mitigation of SLCPs and CO2 would242

be expected to amplify local warming in the short-run by removing the aerosol-driven cooling (e.g. Figure 1) that243

currently masks a portion of longer-run greenhouse gas-driven warming.244

At the regional scale, these analyses suggest that inclusion of co-emitted aerosol impacts may change the nature of245

cooperation incentives as well. It has been noted that Arctic nations would benefit from formation of mitigation246

‘clubs’ outside the international climate change framework.54 When we aggregate our estimated impacts from the247
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8 test regions, and consider each as both sources of emissions and receptors of impacts (Figure S9), we see that re-248

ceptor regions’ interests lie disproportionately across sub-groups of source regions, and thus that the potential for249

mitigation ‘clubs’ also arises here. Regionally, the regional pairs of Eastern Africa and India, and India and China,250

share strong connections for infant mortality and crop impacts that might incentivize additional mitigation, even251

for these emerging economies. Europe, the United States, and China exert strong temperature driven GDP impacts252

around the world that meaningfully change the financial value of mitigation for each region, whether considering253

global or localized impacts. Although these 8x8 matrices are only a subset of source/receptor relationships, this254

framework provides a roadmap for the type of analyses that should eventually underlie valuation of the full suite of255

emissions from human activity, and how their downstream effects are ‘traded’. Impacts of each source region glob-256

ally, on specific receptor regions, and locally are different for each type of societal impact. An understanding of a full257

suite of impacts and relationships would thus allow each country to proceed with mitigation decisions according to258

their own valuations of damages and partnerships across the globe.259

This analysis has several limitations that suggest that specific impact numbers should be interpreted cautiously. We260

start from a framework of identical emissions from each source region to appropriately disentangle the effect of the261

physical earth system – how it processes and disperses aerosols from different locations – from the underlying het-262

erogeneous distributions of populations and land uses at the earth’s surface. Although we subsequently normalize re-263

sults to make them more easily translatable to present conditions, this analysis underscores the importance for future264

observationally-constrained emissions inventories to both probe potential shortcomings of the linearities assumed265

here and to more finely capture regional variations in emissions (this is especially important in biomass-dependent266

economies where inventories are known to be much less accurate).55–57 The potential attractiveness of CO2+aerosol267

mitigation would also be expected to change if new technologies (e.g., diesel truck filters) altered the ratio of aerosol268

to CO2 emissions. This further underscores the importance of spatially-, temporally-, and sectorally- resolved multi-269

species inventories to anchor benefit-cost analyses of all human activities that generate emissions.270

Finally, our analyses here include only a small subset of aerosol-related impact pathways, selected because they in-271

volve responses that occur over shorter (and, therefore, separable) time scales, have large welfare implications, and272

for which response functions are well-established. However, aerosols are expected to exhibit impacts through other273

pathways – for example, PM2.5 has been shown to have impacts on adult morbidity and mortality, cognitive per-274

formance, and productivity;43,58, 59 aerosol-driven radiation effects would be expected to impact forests and native275

habitats in addition to crops;60–62 and changes in temperature and precipitation have been linked to other important276

social impacts besides economic output63,64 – that are not included here. In addition, other co-emitted pollutants –277

including heavy metals, high-GWP gases, and especially ozone precursors like NOx, methane, and other volatile or-278

ganic compounds – are known to impact human health, plant health, and climates. NOx itself is a main precursor to279
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nitrate aerosols, and the ability of future models to more fully include nitrogen and other secondary organic aerosol280

dynamics into this framework will be critical. Future empirical work estimating heterogeneous climate and social ef-281

fects of regional aerosol emissions, such as those from volcanic eruptions or fires, could provide valuable evaluation282

of our findings. This analysis thus represents a starting point for consideration of the full suite of human emissions283

and their impact pathways.284

Methods285

Climate model perturbation experiments286

This study uses nine 100-year, repeating annual cycle simulations conducted in the National Center for Atmospheric287

Research Community Atmosphere Model 5 (NCAR CAM5), run with the modal aerosol module with three log-288

normal modes (MAM3) and coupled to a mixed-layer ocean. Full details on the simulation set-up may be found in289

Persad and Caldeira.8290

We conduct a control simulation using year 2000 climate conditions, including year 2000 atmospheric concentra-291

tions of carbon dioxide (367 parts per million) and other greenhouse gases, with non-biomass burning anthropogenic292

aerosols (black carbon, sulfate precursor, and organic carbon) fixed at 1850 values. We then conduct 8 regional293

perturbation experiments in which a total annual emission of 22.4 Tg sulfate precursor, 1.61 Tg black carbon, and294

4.03 Tg of organic carbon emissions—equivalent to China’s year 2000 emissions in CAM5’s baseline emissions in-295

ventory65—is added to one of the 8 source regions, defined according to the Intergovernmental Panel on Climate296

Change’s regional definitions. We opt to focus on this suite of short-lived pollutants due to their dominant role in297

both climate and air quality impacts. We exclude secondary pollutants, such as tropospheric ozone and nitrate-based298

secondary aerosol, for which computationally prohibitive interactive gas phase chemistry would be required and for299

which geographic source apportionment is not straightforward. This fixed emissions burden is distributed within the300

given source region according to that region’s year 2000 values (i.e. according with the realistic within-region dis-301

tribution of emissions sources), scaled equally at each grid point and time step to produce the desired total addition.302

Within-region emissions distributions are shown in Figure S14. The difference between each regional perturbation303

simulation and the control simulation thereby captures the climate response to the addition of an identical total an-304

nual aerosol emission located in a given region.305

The eight regions are selected to sample a range of past, present, and projected future major source regions of aerosol306
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emissions. Europe and the United States dominated non-biomass burning aerosol emissions through the second half307

of the 20th century; China and India are currently the largest source regions of aerosol emissions; and Indonesia,308

East Africa, South Africa, and Brazil are all regions where aerosol emissions are projected to grow substantially309

over the early 21st century across the Representative Concentration Pathway and Shared Socioeconomic Pathway310

scenarios.65–67 The selection of regions, which are located in a range of climatological environments, also allows us311

to test the sensitivity of the responses to dominant atmospheric and climate processes present in the Northern and312

Southern Hemisphere mid-latitudes, tropical regions, monsoonal regimes, and upwind and downwind of the major313

ocean basins.314

Our experiment design is motivated by the fact that social cost calculations, emissions accounting, and many regu-315

latory limits use the mass of pollutant emitted as the relevant unit and that comparability across emitting regions is316

of great interest in international policy discussions. We, therefore, choose to equalize emissions amount across the317

regions in our simulations rather than (e.g.) atmospheric concentration or emission intensity, which are less straight-318

forwardly translatable for these policy contexts. This could potentially introduce effects due to the differing spatial319

extents of the regions over which the emissions are imposed, primarily by amplifying air quality impacts in regions320

with a smaller spatial extent (i.e. where the emissions are more concentrated). To some extent, this reflects actual321

increased risks from emissions in confined regions where industrial activity is necessarily spatially concentrated and322

likely to be co-located with population centers (in all cases emissions are distributed within-country according to323

year 2000 realistic emissions distributions). However, smaller regions do not systematically exhibit stronger air qual-324

ity effects or associated societal impacts in our results (e.g. Figure 2), suggesting that this effect does not dominate.325

Certain aspects of aerosols’ climate effects can also be sensitive to the background aerosol concentrations onto which326

the additional perturbation is added. In particular, there is evidence that adding aerosol to a relatively pristine at-327

mosphere results in (in some cases, two times) larger marginal radiative and cloud effects than adding aerosol to a328

relatively dirty atmosphere,68,69 but confidence in this effect is low.70,71 Constructing equal emissions perturbation329

experiments such as ours will necessarily require making certain decisions about the background climate onto which330

emissions are added. The aerosol background onto which we add our equal emissions perturbation is not pristine331

(year 2000 biomass burning aerosols and natural background dust and sea salt aerosols are present in both the con-332

trol and perturbation experiments), nor is it as polluted as the present-day atmosphere (other anthropogenic aerosol333

are set at 1850 levels in the control). As such, the marginal physical system effects calculated from our simulations334

could be viewed as a slight overestimate of the effects of future marginal changes in aerosol emissions, if background335

atmospheric aerosols increase, or as a slight underestimate, if they decline—both of which are contemplated in future336

emissions scenarios.72337
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Our use of a fully coupled chemistry-climate model allows us to assess combined climate and air quality impacts338

of aerosols from the different regions in a fully consistent and physically integrated way. Given that many societal339

damage functions indicate that societal outcomes respond nonlinearly to combined climate and air quality pressures340

(represented most clearly in this study in crop yields38), the simultaneous, internally consistent simulation of these341

effects that our methodology provides is particularly valuable. The CAM5 model with MAM3 has been shown to342

produce atmospheric burdens of sulfate, organic carbon and black carbon that align strongly (difference <10%) with343

atmospheric models containing more complex atmospheric chemistry.73 The same holds for radiative forcing from344

historical aerosol emissions.74 When run with historical emissions, the model captures observed geographic and345

temporal patterns of aerosols concentrations. It produces low-biased AOD, particularly over East and South Asia,346

but this may be partially the result of uncertainties in historical emissions inventories, which our equal-emissions347

simulations will not be subject to.73 The fully coupled CESM model has demonstrated skill in simulating historical348

temperature and precipitation at both the global and regional scale, consistently performing among the top 10 or top349

half of Fifth Coupled Model Intercomparison Project (CMIP5) models for a range of climate metrics.75350

The model simulations are constructed as equilibrium or "time-slice" simulations to allow quantification of the re-351

sponse to the imposed aerosol perturbation with a robust signal to noise ratio (see e.g.76,77). Output from the model352

is monthly, nominal 2-degree (144x96) grids, in netcdf format. The first 40 years of the time-slice simulations are353

excluded to allow the model to stabilize from initial conditions (determined by when trends in sea surface tempera-354

ture and top-of-atmosphere energy imbalance become negligible), and analysis is conducted on the last 60 years (720355

months) of data as the steady-state response. Each year can be treated as an “ensemble member" (so parameters for356

this period are calculated for n=60), due to the primarily sub-annual effects of aerosols and minimal autocorrelation357

between years. From experiment and control condition runs, we extract the following variables: surface BC, OC, and358

Sulfate mixing ratios, surface temperature, surface pressure, precipitation, and column AOD. We add surface BC,359

OC, and SO4 and convert to concentration using local temperature and pressure. For each variable, we then calculate360

mean changes between each source region and the control condition (e.g., Figure 1), and we aggregate over both the361

source region and the globe to compare local versus global changes (e.g., Figure S4).362

Damage functions and their application363

From perturbation experiments we calculate spatially-explicit changes in four summary physical responses ∆PMcs,364

∆AODcs, ∆Tcs, and ∆Pcs where for each, c is the receptor cell and s is the source region where the aerosols were365

emitted. Values are aggregated to either annual average changes (infant mortality and GDP) or crop-growing-season366

averages (corn, wheat, rice, soybean) in each physical parameter, relative to the control runs.367
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To connect these physical changes to human-related damages, we then use existing empirically-estimated damage368

functions that relate changes in these parameters to changes in infant mortality, changes in production from major369

crops, and changes in economic output. We utilized published damage functions from studies that use panel data370

(repeated observations of many locations over time) and fixed effects regression models to isolate variation in the371

exposure of interest (e.g. temperature or PM) from other time-invariant and time-varying factors that could be cor-372

related with both this exposure and the outcome of interest. We note that such damage functions capture adaptations373

to short-run changes in physical states, such as a farmer irrigating in response to a series of hot days, though they do374

not capture long-run adaptations, such as a farmer installing irrigation in response to a warmer climate; thus long-run375

adaptation may cause realized outcomes to differ from simulated responses.376

Changes in infant mortality To understand impacts on human life, we relate ∆PMcs to changes in infant377

mortality. Impacts are calculated based on the exposure-response function in Heft-Neal et. al. 2018,37 who in a study378

of nearly a million African births find that the infant mortality rate increases linearly with PM2.5 exposures, with a379

0.9% increase in infant mortality per 1µgm−3 increase in PM2.5 (Table S2). While this response was estimated in380

the African context, other work has suggested strong similarity in the relative response of IMR to PMP 2.5 across381

both the developed and developing world from studies that use similar quasi-experimental methodologies.78–80 That382

is, while the total number of infant deaths that occur as a result of a unit increase in PM exposure declines substan-383

tially at lower baseline IMR, the proportional impact – i.e. the percent increase in IMR per unit increase in PM – is,384

if anything, empirically smaller in lower-income higher-mortality regions (Figure S11), perhaps because other there385

are more competing risks for infant death in lower-income regions. Thus assuming a constant proportional increase386

based on the African estimate is likely a lower bound on the proportional increase in much of the rest of the world.387

Total additional excess infant deaths in each receptor country are then calculated as388

∆IMcs = ∆PMcs ∗ βIMR ∗ IMRc ∗ Ic (1)

where∆PMcs is the change in infant-population-weighted surface particulate matter, βIMR = 0.009 is the percent-389

age increase in IMR per unit increase in particulate matter (see Table S2), IMRc is the baseline infant mortality rate390

in each country,81 and Ic is the estimated infant population in each country82 (we approximate the under-1 population391

as 1/5 of the under-5 population provided in82). ∆IMcs then gives total excess infant mortality in each country c in a392

single average year due to emissions in source region s, relative to a no-aerosol scenario.393

Parameter uncertainty in infant deaths for each scenario is calculated based on the standard errors of the empirical394

estimate in Heft-Neal et al. 201837 (Table S2); uncertainty due to internal climate variability is calculated from vari-395
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ation in ∆PM2.5 across the 60 ensemble members. While many estimates of this impact coefficient (βIMR) exist in396

the literature, we use the Heft-Neal et al. coefficient because it draws on nearly a million births that spans one of our397

test regions (Eastern Africa, for which there are no other estimates), and is not statistically different from estimates398

drawn from other study regions (e.g., United States, Europe, China).399

Changes in crop production To calculate changes in crop production, we use estimates from Proctor et. al.400

2018,38 who used variations in AOD created by large volcanic eruptions to estimate the impacts of aerosol-driven401

radiation changes on crop yields, while also accounting for changes in temperature and precipitation also driven by402

the atmospheric aerosol burden. We calculate change in total production of each of four main staple crops (maize,403

wheat, rice, soybean) as:404

∆PRODjcs = [∆Yjcs ∗ Yjc] ∗Ajc (2)

where Yjc is the baseline yield of each crop j in country c and Ajc is the baseline area, where for both we use the es-405

timated 2000 area and yields from ref.83 The percentage change in yield ∆Yjcs is calculated by applying ∆AODcs,406

∆Tcs, and ∆Pcs to the response functions estimated in Proctor et. al. 2018,38 and is done as follows:407

∆Yjcs = ∆f(AODjcs) + ∆f(Tjcs) + ∆f(Pjcs) (3)

where we apply model coefficients to changes in temperature, precipitation, and AOD (Table S3) over crop-specific408

growing seasons84 and areas in each country to calculate national-level yield changes. Specifically, we calculate409

changes in yield at the pixel-growing season resolution and then average over space (cropped-area weighted average410

of pixels within a country) and time (60 years) to get a single estimate of ∆Yjcs for each crop, country and source411

region. Uncertainty in the crop response from imperfectly estimated empirical model parameters is calculated as in412

Proctor et. al. 2018.38 Uncertainty in the crop response from imperfectly estimated changes in the climate variables413

is calculated, for each crop, country and source region as the standard error of Yjcst over years, t.414

Changes in economic output To calculate changes in macroeconomic output, we use response functions415

from Burke et. al. 2015,39 who find that per capita national economic growth varies strongly and non-linearly with416

annual average temperature. We calculate the change in total economic output in each country c due to the change in417

temperature from aerosols from source region s as:418

∆GDPcs = [f(Tc +∆Tcs)− f(Tc)] ∗GDPpcc ∗ popc (4)
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where GDPpcc and popc are the baseline (2010) per capita GDP and population in country c and f() is the function419

from Burke et. al39 that estimates the percentage change in per capita GDP in a given year from a change in temper-420

ature: f() = β1Tct + β2T
2
ct, where Tct is the annually averaged temperature in country c in year t. Coefficients and421

standard errors for β1 and β1 are given in Table S4. ∆GDPcs then gives the total change in GDP in country c over422

one year due to aerosol emissions from source region s.423

As for infant mortality and crop production, we estimate standard errors based on the statistical model parameter424

uncertainty, and due to the internal variability of the climate system (e.g., error bars shown in Figure S4).425

We note that, in addition to spatial co-location of physical changes and human systems, the temporal dimension also426

affects calculations of societal damages based on these damage functions. Crops are sensitive to environmental427

changes within their location-specific growing season. Figure S12 shows the local climatology (from control sce-428

nario) for each source region, and then deviations from climatology in that location created by emissions from each429

source region. For example, Europe’s local temperature impacts are strongly concentrated in the summer growing430

months whereas South Africa’s are year-round; Eastern Africa’s precipitation effects affect the second rainy season,431

whereas Indonesia’s are year-round. Similarly, although we calculate average annual effects on infant mortality, given432

that we find strong seasonal variation in PM2.5 concentrations driven by transport and deposition mode timing, we433

would expect that the variation in total PM2.5 burden, as well as individual BC, OC and sulfate burdens (Figure S13)434

would vary at sub-annual scales. Better understanding of the fidelity of the seasonal behavior of both physical mod-435

els and damage functions will thus be an important component of improving damage estimates going forward.436

Partitioning Aerosol Impacts437

A key question is the extent to which aerosol impacts on human systems are driven by changes in the physical system438

versus the distribution of underlying human systems and/or their baseline vulnerabilities. To assess this, we compare439

the results from our main experiments with impacts estimated from three counterfactual scenarios:440

• Globally homogeneous physical changes: In this scenario, we use the global-mean change in all parameters441

induced by aerosols instead of the locally-resolved changes.442

• Globally homogeneous distribution of human systems: In this scenario, we spread human systems (infant443

populations, crop area, human populations) equally over all land areas.444

• Globally homogeneous vulnerability: In this scenario, we assume all human systems (infant mortality, crop445

yields, per-capita GDP) are held at the global average as opposed to their local values.446
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We estimate impacts from each emissions region for these three additional scenarios for each of the three impact447

pathways, and compare results in Figures S7 and S8.448

At the global level (Figure S7, left panels), we find that the physical system changes (i.e., the geographic heterogene-449

ity of aerosol interactions with the general circulation from different regions) is the main contributor to both excess450

infant mortality and crop production changes (the green bars, or the estimates of impacts from a counterfactual ho-451

mogenous physical system response, are most different from the actual experimental conditions, shown by the grey452

bars). For economic impacts, the combination of physical system impacts and underlying population distributions453

(the generators of economic activity) both exert strong influences, but across scenarios the physical impacts are con-454

sistently major drivers, while population distribution importance varies across emission regions.455

To more concretely understand the relative importance of these factors, we conduct a simple analysis at the country456

level from the above simulations (Figure S7, right panels). We use a regression model to understand how within-457

country estimates change as a function of each of the factors, using the actual experiments across source regions458

and the counterfactual scenarios above. These impacts are cast in reasonable units to contextualize them. These459

findings also suggest that the physical system is a main driver of impacts at the local scale, and is not dominated by460

(e.g.) national level vulnerabilities or population distributions on average. The economic impacts are much more461

heterogeneous, likely due to the non-linearity in the damage function. Aerosol-driven cooling improves economic462

output in countries whose climatological temperature is above the economic optimum and damages output in those463

below.464

Contextualizing Aerosol Impacts465

In addition to the absolute damages (Table S5), we report the damages normalized by the total aerosol emissions466

perturbation (28.04 Tg of combined black carbon, organic carbon, and sulfate precursor for each scenario; Table S6).467

This allows us to assess the marginal damage per unit of emissions, which is the metric used in the inventories and468

accounting systems that typically drive policy, and provide a metric of damages from future incremental growth or469

mitigation of aerosol emissions in a given source region.470

While aerosols and their precursors are emitted in many combustion processes, the relative production of these471

compounds (compared to CO2) varies by technology, feedstock, and combustion conditions and this is manifest in472

regional- and sectoral- scale differences in aerosol-to-ghg emissions ratios.47 We scale the equal-aerosol-emission473

results described above by converting from a per-Tg aerosol basis to a per-CO2 basis using either a global average474
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aerosol-to-CO2 emissions ratio (Table S7) or a region-specific ratio (Table S8). Both ratios are drawn from the475

EDGAR global emissions inventory.47 These values are then locally-specific estimates of the impact of the con-476

comitant aerosol emissions co-produced with a tonne of CO2 emissions from that region. We use all CO2 emissions477

here, including short-cycle CO2.478

Social Cost of Emission Calculations479

Policy analysts face a choice between accounting for benefits and damages across different units (e.g., premature480

deaths, tonnes of wheat, $B GDP) using multi-attribute methods, or converting all benefits and damages to a com-481

mon unit (typically currency) for a single-dimensional benefit-cost analysis. To facilitate the latter, we convert infant482

mortality and crop production impacts to $USD values using standard methodologies (these are both presented in Ta-483

bles S7-S8). We note that welfare impacts may differ considerably from monetary impacts (e.g. a lost tonne of wheat484

production likely reduces the welfare of a subsistence farmer than a large-scale producer).485

To convert crop production changes to monetary values, we use an average crop price (across the four crops) of486

$300/tonne, with Figure S16 showing a comparison between low and high values of $100/tonne to $400/tonne. We487

similarly convert deaths to monetary values using value of statistical life estimates from the literature.49–51 The main488

values presented in Tables S7 and S8 use Viscusi et. al. local values. However, we present Social Cost estimates489

based on an alternative region-specific VSL50 as well as using the global average VSL ($1.8M) from Viscusi et. al.490

This global average is lower than, for example, the value used by the United States Environmental Protection Agency491

($9.1M),51 but numerous studies have shown a wide divergence in values across countries, and different weight-492

ings for infants versus other age cohorts.49,51, 85 Per-emission damages are multiplied by these values to estimate the493

aerosol-related changes to the Social Cost of Carbon (both GSCC and CSCC). These parameters could take on a494

wide range of values, but as the goal here is to demonstrate how inclusion of co-emitted aerosols changes the social495

cost of a CO2 emission, we have used these low-to-moderate values for conservative estimates.496

We use Ricke et. al. 20184 as a baseline value for both the Global Social Cost of Carbon (GSCC) and the Country497

Social Cost of Carbon (CSCC). The GSCC represents the global total damages estimated to accrue from a marginal498

future tonne of CO2 emissions, and the CSCC represents the portion of those damages accruing to each country499

(irrespective of location of emission). Although Ricke et. al. represents a higher GSCC than values currently used in500

policy (and some others suggested in studies), it is ideal for comparison because it provides a self-consistent estimate501

of both country-level and global-level SCCs. We extend this methodology here by comparing the social costs (via502

infant mortality, crop production, and economic output) due to aerosol emissions that are co-produced with CO2503
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to the CO2-only values. Because aerosol atmospheric lifetimes are much shorter than CO2 (days-to-months versus504

decades-to-centuries), we assume a separability of time scales, and calculate aerosol-related damages on an annual505

basis, without any discounting.506
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(B) Localization of Infant Mortality Impacts 

(C) Localization of Crop Impacts (D) Localization of GDP Impacts

United
States

Europe

India

China

Indonesia

Brazil
Eastern
Africa

South
Africa

(A) Emissions Regions

India

India

Europe
EuropeChina

Figure 2: Social impacts from each source region (A) relative to control conditions, aggregated to
local (within the emissions region) and global totals. (B) Excess infant deaths are large proximal
to the source, though aerosol transport over populated and/or vulnerable regions creates distal
impacts. (C) The geographic distribution of crop production changes varies widely, with hetero-
geneous radiation, temperature, and precipitation effects creating substantial distal impacts. (D)
Economic impacts include both positive and negative effects, with positive impacts arise from
cooling of countries above the economically optimal temperature in the control condition. Lo-
cation on the 1:1 line indicates purely localized impacts (local=global), while departures above
or below the line indicate exported effects. Grey error bars show the uncertainty (95% CI) due
to natural climate variability present in simulations, and black bars show uncertainty (95% CI)
from damage function parameter estimation. Point colors for (B-D) correspond to the emissions
regions colors in (A)

27



global avg.
HSPH
Viscusi

VSL

Impacts

aerosols, local
aerosols, global

CO2 only, local
CO2 only, global

Social Cost ($ per ton CO2)

0 100 200 300 400 600 800

Brazil

China

East Africa

Europe

India

Indonesia

South Africa

United States

$4.5

$85.3

$32

$12.4

$152.1

$1.5

$35

$21.9

$5.9

$91.1

$28.5

$2.2

$142

$3.1

$30

$13.5

Figure 3: The per-CO2 normalized aerosol Social Costs estimated in this study. Impacts are the
sum of GDP effects and infant mortality (GDP is assumed to include agricultural impacts, but a
comparison of these is shown in Figure S16). Social costs are calculated here using a regionally-
specific aerosol-to-CO2 emission ratio to scale the per-emission impacts derived from our exper-
iments, and three different VSL values. VSL values from Viscusi et. al.49 (circles) are derived
by scaling USEPA values to other countries based on their relative GNI and local stated pref-
erences about willingness to pay for reduced risk of death. VSLs from the Harvard School of
Public Health (HSPH, squares, from Robinson et. al.50), scale US and OECD Values based on
different elasticities (here, 1). Finally, triangles show the social cost of aerosols using the global
average VSL ($1.8M) from Viscusi et. al. The dashed red line is the central value for the Global
Social Cost of Carbon (GSCC, $418 per tonne of CO2) from Ricke et. al.4 Red crosses show the
CO2-only Country-level Social Cost of Carbon (CSCC) from the same source, or the portion of
CO2-related damages that accrue locally. In many cases, local aerosol social costs exceed the
CSCC. Dollar values in black and blue correspond to the global and local aerosol impacts, re-
spectively, calculated with Viscusi VSL; Table S9 shows all values. CO2-normalized local and
global impacts from aerosol emissions from the 8 regions are summarized in Tables S8 and S7
(where impacts are scaled using a global aerosol-to-CO2 emission ratio instead).
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Fig. S2. Physical correlations between global-mean responses of aerosol optical depth, temperature, and precipitation for each experimental condition relative to control. Global
mean responses for AOD across emitting regions vary by a factor of ∼2.5, while temperature and precipitation vary by approximately an order of magnitude. (A) Changes in
AOD are strongly correlated with cooling (strong direct radiative effects), and (B) global-mean precipitation reductions are strongly correlated with the overall cooling due to
thermodynamic constraints on the hydrologic cycle.
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Fig. S3. Baseline distributions of crop areas and yields (year 2000), infant population density and mortality rate (year 2010), and per capita GDP and GDP growth (year 2010)
used to estimate impacts.
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Fig. S4. Internal impacts (Local to emitting region) versus External impacts (Global - Local) of aerosol emissions from different regions. Effects are shown for (top to bottom)
temperature, precipitation, column AOD, and surface PM2.5 relative to control conditions. The left column shows simple land average exposure changes and thus encapsulates
the variation in the physical system response across regions. The central column shows population-weighted average exposure changes, and the right column shows crop-area
weighted average exposure changes. The differences between the center and right columns and the left column thus illustrate how the distribution of populations and land use
interact with the physical system to either magnify or mitigate vulnerability.
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Fig. S6. The contribution of AOD, temperature, and precipitation effects due to aerosol emissions from each of the eight source regions to the total changes in productivity for
the four staple crops (corn, wheat, soy, and rice) and their total (all crops) shows the sometimes-aligned, sometimes-canceling effects of crop responses to different physical
system changes. Light (total) bars match total impacts reported in Table S11.
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Fig. S7. Left-hand column shows the contribution of the spatial pattern of human systems (orange), baseline vulnerability (purple), and physical system changes due to aerosol
emissions (green) to the total global impacts estimated from each emission region (grey). Where colored bars are smaller than the total, the actual spatial distribution of that
factor (e.g. crop yield) magnifies the impact relative to a uniform baseline. Grey bars in top row match total impacts reported in Tables S10, S11, and S12. Right-hand column
shows the country-level associations between total impacts and human system distribution, vulnerability, and physical system impacts across the true experimental conditions
and the three comparison scenarios.
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Fig. S8. As in Figure S7, but showing individual staple crops.
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Fig. S9. Total global and pairwise ‘source-receptor’ relationships for (A) infant mortality, (b) crop production, and (c) economic output among the 8 emissions source regions
vary widely. Most teleconnections are uni-directional (e.g., East Africa affects India, but not the other way around; India affects China but not the other way around).
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Fig. S10. Estimated crop production impacts when (A) only a partial impact (AOD) is used, versus (B) when the full suite of environmental changes (Temperature, Precipitation,
and AOD) is used to calculate impacts in a multi-dimensional exposure-response function. The single-variable version results in mis-estimated impacts by including only
a partial response: it estimates uniformly negative impacts from reduced incoming solar radiation, but neglects partially-offsetting positive impacts, including reduced heat
exposure. For clarity, only climate-related uncertainty (grey bars) is shown.
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Fig. S11. Quasi-experimental estimates of the percentage change in infant mortality per unit of PM2.5 exposure show relative stability across the distribution of infant mortality.
Estimate drawn from Heft-Neal et. al. 2018(1) is similar or conservative relative to other available estimates.(2–11)
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Fig. S12. The seasonality of physical system changes has important implications for human impacts. As a simple model, we show here the connections between the 8
experimental regions. Four pairs of plots are shown for each region, for temperature, precipitation, column AOD, and surface PM2.5. Each region’s climatology for the control
scenario is the left plot of the pair, with the climatology of impacts from each experiment shown in deviations in the right plot of each pair. The grey region in the impact plot
shows the 95% confidence interval for natural variability in that month’s value. For example, Europe’s baseline temperature is unimodal, peaking in boreal summer. Aerosol
emissions from Europe (pink line) reduce temperature most strongly in the summer months, but US emissions also reduce European temperatures relative to baseline in late
summer. The seasonal variability in impacts is important for agricultural impacts, due to interactions with growing seasons, as well as for any impact based on shorter-run (<
annual) variations. In particular, infants may be most sensitive to air quality during their first month of life, so Indian aerosol emissions would affect local infants most strongly in
Oct-Nov-Dec, but emissions from Eastern Africa would also contribute to Indian impacts in July and August.
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Fig. S13. Different chemistry (e.g., sulfate formation from sulfur dioxide), aging, and deposition mechanisms result in different chemical composition of surface PM2.5 during
the year across regions, even in our experimental conditions of uniform emissions throughout the year. For example, carbonaceous aerosols (BC+OC) dominate the mix in the
United States throughout the year, with overall concentrations peaking in August-September. In South Africa, however, the main component is carbonaceous aerosols in the
July-August, but sulfates in December-January. At present most empirical damage functions consider all PM2.5 jointly, but research suggests that different chemical species are
likely to vary in toxicity.

14 of 27 Jennifer Burney, Geeta Persad, Jonathan Proctor, Eran Bendavid, Marshall Burke, Sam Heft-Neal



1

2

3

4

5

6

7

8

9

10

Pe
rc

en
t o

f t
ot

al
 e

m
iss

io
ns

 in
 g

rid
 c

el
l (

%
)

Brazil China

East Africa Europe

India Indonesia

South Africa United States

Fig. S14. The spatial distribution of net BC, OC, and SO2 surface emissions imposed within each of the 8 regional perturbation experiments is shown. Each grid cell is shaded
according to the percent of the total regional emission originating from that grid cell in the perturbation experiment. Emissions are distributed according to the realistic year 2000
spatial distribution of emissions from Lamarque et al. (12)
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Fig. S15. The ratio of aerosols-to-CO2 emissions varies within the experiment source regions, both geographically and by sector. Lines show the range of ratio values over
source region area, by half-degree grid cell (thin line), and by sector (thick line). Small squares show the areal averages of grid-cell-level ratios, and large squares show the
average co-emissions ratio based on regional totals (the central estimate used in the analyses presented in the main manuscript). Data are from the EDGAR emissions
inventory. (13)
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Fig. S16. Comparison between crop production and GDP impacts of aerosols, calculated in a number of ways. Crop production is the sum of wheat, rice, corn, and soybeans.
Because agricultural damages or benefits from aerosol emissions might be captured by overall GDP effects, we report only GDP+mortality costs in Figure 3. As in the main
manuscript, wide bars and large points show global total impacts; thinner bars and smaller points show local impacts (local to the emitting region). Social costs are calculated
for two different aerosol-to-CO2 ratios (for each region, the lower set = global average ratio and the upper set = regional average ratio) and low and high crop prices ($100/tonne
and $400/tonne; circles and diamonds, respectively). Note that negative costs reflect increases in GDP, largely driven by temperature effects in hotter locations.
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Additional Tables13

Table S1. Summary of global average physical impacts for each emissions region.

Country PM2.5 [µg m−3] AOD T [oC] P [mm]

Brazil 0.110 (±0.006) 0.001 (±0.001) −0.083 (±0.140) −4.700 (±3.600)
China 0.097 (±0.007) 0.001 (±0.001) −0.180 (±0.140) −6.200 (±3.600)
East Africa 0.097 (±0.007) 0.002 (±0.001) −0.078 (±0.120) −3.900 (±3.600)
Europe 0.170 (±0.011) 0.002 (±0.001) −0.370 (±0.130) −10 (±2.900)
India 0.140 (±0.007) 0.001 (±0.001) −0.019 (±0.140) −1.700 (±3.300)
Indonesia 0.071 (±0.007) 0.001 (±0.001) −0.074 (±0.130) −4.600 (±2.900)
South Africa 0.120 (±0.009) 0.001 (±0.001) −0.110 (±0.120) −6.200 (±3.700)
United States 0.120 (±0.008) 0.002 (±0.001) −0.230 (±0.120) −6.900 (±2.800)

14
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Table S2. Infant Mortality Rate Damage Function.(1) The dependent variable is a local infant mortality rate (deaths in the first year of life per
100k births). PM2.5 is in µg m−3 averaged over the first year of life of the infant. Standard errors shown in parentheses.

log(InfantMortalityRate)

P M2.5 0.09
(0.026)

Table S3. Crop Damage Functions.(14) Parameter estimates for the influence of SAOD, Temperature and Precipitation on corn, wheat, soy and
rice yields. Standard errors shown in parentheses. Response functions are plotted in Extended Data Fig. 2 of Ref. Proctor et al. 2018.

log(Y ieldcorn) log(Y ieldwheat) log(Y ieldsoy) log(Y ieldrice)

SAOD -0.649 -0.257 -0.482 -0.301
(1.122e-01) (1.205e-01) (2.701e-01) (2.173e-01)

Temp. (RCS feature 1) 0.197 0.0678 0.129 .00266
(7.184e-02) (2.363e-02) (8.058e-02) (4.703e-02)

Temp. (RCS feature 2) -.000321 -.000183 -.000244 .0000163
(1.082e-04) (4.290e-05) (1.136e-04) (6.213e-05)

Temp. (RCS feature 3) .00104 .000816 .000804 -.000157
(3.886e-04) (2.315e-04) (4.074e-04) (2.304e-04)

Precip. (RCS feature 1) .00274 .000186 .00323 -.00115
(8.0623e-04) (9.623e-04) (1.575e-03) (6.285e-04)

Precip. (RCS feature 2) -4.09e-08 -3.05e-09 -4.97e-08 1.34e-08
(1.175e-08) (2.007e-08 ) (2.452e-08) (9.839e-09)

Table S4. Economic Damage Function.(15) The dependent variable is per capita GDP growth rate. T is in degrees Celsius averaged over a
calendar year. Standard errors shown in parentheses.

∆(GDPper capita)

Tavg 0.01268
(0.003248)

T 2
avg -0.0004942

(0.0001024)

Table S5. Total impacts for identical total BC + OC + SO2 emissions from each of the 8 source regions. Excess infant (<1y) deaths, total crop
production changes, and economic productivity changes are shown with both global totals and the portion confined to the emissions source
region.

Infant Mortality Crop Production GDP
[Excess Deaths] [Mt Crops] [$B 2010)]

Global Local Global Local Global Local

Brazil 92, 584 78, 445 −10.3 −2.9 61.5 6.2
China 432, 705 387, 068 −0.7 −4.6 85.4 −16.6
East Africa 1, 468, 102 1, 253, 009 −2.9 −0.6 13.4 0.8
Europe 116, 773 23, 002 8.3 −1.8 85.8 22.5
India 3, 342, 144 3, 077, 521 −19.2 −12.1 57.1 40
Indonesia 301, 818 283, 114 −3 −1.2 52.3 4.6
South Africa 353, 397 261, 443 0.5 −1.6 52.5 3.9
United States 40, 390 20, 757 −4.1 −9.5 59.2 −3.5
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Table S6. Total impacts for each of the 8 emitting regions per Tg of emitted aerosol. Excess infant (<1y) deaths, total crop production changes,
and economic productivity changes are shown with both global totals and the portion confined to the emissions source region.

Infant Mortality Crop Production GDP
[Excess Deaths] [Mt Crops] [$B 2010)]

Global Local Global Local Global Local

Brazil 3, 301.9 2, 797.6 −0.4 −0.1 2.1 0.2
China 15, 431.7 13, 804.1 0 −0.2 2.9 −0.7
East Africa 52, 357.4 44, 686.5 −0.1 0 0.5 0
Europe 4, 164.5 820.3 0.3 −0.1 2.8 0.7
India 119, 192 109, 754.7 −0.7 −0.4 2 1.4
Indonesia 10, 763.8 10, 096.8 −0.1 0 1.8 0.2
South Africa 12, 603.3 9, 323.9 0 −0.1 1.9 0.1
United States 1, 440.4 740.3 −0.1 −0.3 2 −0.2
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Table S7. The top panel of the table shows aerosol impacts normalized to the full emissions basket, or the impacts per ton of CO2 emitted,
due to the impacts of the co-emitted aerosols, calculated using global average ratios of aerosols to CO2. Both global totals and impacts
confined to the emissions source region (local) are shown. The bottom panel provides monetary values for normalized per-CO2 impact values,
converted using VSL values from Viscusi et. al.(16) and a per-ton crop price of $300. In the bottom panel, negative signs correspond to losses,
positive to gains.

Infant Mortality Crop Production GDP
Global Local Global Local Global Local

# per tCO2 # per tCO2 t per tCO2 t per tCO2 $ per tCO2 $ per tCO2

Brazil 0.00001 0.00001 −0.002 −0.0004 8.90 0.92
China 0.0001 0.0001 −0.0001 −0.001 12 −2.70
East Africa 0.0002 0.0002 −0.0004 −0.0001 1.90 0.11
Europe 0.00002 0.00000 0.001 −0.0003 12 3
India 0.0005 0.0004 −0.003 −0.002 8.30 5.80
Indonesia 0.00004 0.00004 −0.0004 −0.0002 7.60 0.67
South Africa 0.0001 0.00004 0.0001 −0.0002 7.80 0.55
United States 0.00001 0.00000 −0.001 −0.001 8.30 −0.74

$ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2

Brazil −23.26 −19.71 −0.46 −0.13 8.90 0.92
China −89.52 −80.08 −0.03 −0.20 11.98 −2.71
East Africa −43.39 −37.03 −0.13 −0.03 1.91 0.11
Europe −51.77 −10.20 0.37 −0.08 11.54 2.99
India −148.17 −136.44 −0.85 −0.54 8.29 5.80
Indonesia −13.38 −12.55 −0.13 −0.05 7.63 0.67
South Africa −52.23 −38.64 0.02 −0.07 7.78 0.55
United States −57.30 −29.45 −0.18 −0.42 8.32 −0.74
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Table S8. As in Table S7, but with region-specific normalization based on emissions inventories.

Infant Mortality Crop Production GDP
Global Local Global Local Global Local

# per tCO2 # per tCO2 t per tCO2 t per tCO2 $ per tCO2 $ per tCO2

Brazil 0.0000043 0.0000036 −0.00048 −0.00013 2.8 0.29
China 0.00007 0.000063 −0.00012 −0.00074 13 −3
East Africa 0.00017 0.00014 −0.00033 −0.000069 1.5 0.086
Europe 0.0000053 0.000001 0.00038 −0.000081 3.6 0.92
India 0.00054 0.00049 −0.0031 −0.002 9 6.3
Indonesia 0.000012 0.000011 −0.00012 −0.000046 2 0.17
South Africa 0.000041 0.00003 0.000054 −0.00019 6.1 0.43
United States 0.0000027 0.0000014 −0.00027 −0.00063 3.7 −0.33

$ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2 $ per tCO2

Brazil −7.29 −6.18 −0.14 −0.04 2.79 0.29
China −98.49 −88.1 −0.03 −0.22 13.18 −2.99
East Africa −33.51 −28.6 −0.1 −0.02 1.47 0.09
Europe −15.95 −3.14 0.11 −0.02 3.55 0.92
India −161.1 −148.34 −0.92 −0.59 9.02 6.3
Indonesia −3.48 −3.26 −0.03 −0.01 1.98 0.17
South Africa −41.18 −30.47 0.02 −0.06 6.14 0.43
United States −25.63 −13.17 −0.08 −0.19 3.72 −0.33
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Table S9. Comparison of aerosol social costs (infant mortality + GDP) calculated using three different VSLs (Viscusi et. al.(16), Harvard School
of Public Health(17) + EPA(18) for US and Europe, and a global average VSL from Viscusi). Values correspond to the points plotted in Figure 3.
All values are in USD, with positive indicating damages.

Region Viscusi Viscusi Average Average HSPH HSPH
Global Local Global Local Global Local

Brazil 4.5 5.9 4.9 6.2 7.5 8.4
China 85.3 91.1 113.4 116.3 148.6 147.7
East Africa 32 28.5 300.1 257.3 65.6 57.1
Europe 12.4 2.2 6 1 47.5 9.1
India 152.1 142 957.6 883.8 528 488.2
Indonesia 1.5 3.1 18.9 19.4 17.7 18.3
South Africa 35 30 68 54.4 76.2 60.5
United States 21.9 13.5 1.1 2.8 21.9 13.5
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