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Abstract Fine particulate matter (PM2.5) from U.S. anthropogenic sources is decreasing. However,

previous studies have predicted that PM2.5 emissions from wildfires will increase in the midcentury to next

century, potentially offsetting improvements gained by continued reductions in anthropogenic emissions.

Therefore, some regions could experience worse air quality, degraded visibility, and increases in

population-level exposure. We use global climate model simulations to estimate the impacts of changing fire

emissions on air quality, visibility, and premature deaths in the middle and late 21st century. We find that

PM2.5 concentrations will decrease overall in the contiguous United States (CONUS) due to decreasing

anthropogenic emissions (total PM2.5 decreases by 3% in Representative Concentration Pathway [RCP] 8.5

and 34% in RCP4.5 by 2100), but increasing fire-related PM2.5 (fire-related PM2.5 increases by 55% in RCP4.5

and 190% in RCP8.5 by 2100) offsets these benefits and causes increases in total PM2.5 in some regions.

We predict that the average visibility will improve across the CONUS, but fire-related PM2.5 will reduce

visibility on the worst days in western and southeastern U.S. regions. We estimate that the number of deaths

attributable to total PM2.5 will decrease in both the RCP4.5 and RCP8.5 scenarios (from 6% to 4–5%), but

the absolute number of premature deaths attributable to fire-related PM2.5 will double compared to early

21st century. We provide the first estimates of future smoke health and visibility impacts using a

prognostic land-fire model. Our results suggest the importance of using realistic fire emissions in future air

quality projections.

1. Introduction

Exposure to particulate matter (PM2.5, particles with an aerodynamic diameter smaller than 2.5 μm) is asso-

ciated with many negative health impacts (Crouse et al., 2012; Krewski et al., 2009; C. Arden Pope, 2007; C

Arden Pope 3rd & Dockery, 2006), visibility degradation, and ecosystem impacts. There are many different

sources of PM2.5, both from human and natural sources. Because of the known detrimental effects of air

pollution, the United States has sought to improve air quality through regulation of anthropogenic emissions.

This has led to PM2.5 improvements in most regions of the United States (e.g., Hand et al., 2013; Malm et al.,

2017; U.S. Environmental Protection Agency (EPA), 2012). These PM2.5 improvements are predicted to

increase in the future with a further decrease in anthropogenic emissions (e.g., Lam et al., 2011;

Leibensperger et al., 2012; Val Martin et al., 2015).

Wildfires are a large source of PM2.5 in the United States, and studies have shown that the number of large

wildfires has been increasing in the western United States due to warmer temperatures, earlier spring snow-

melt, and longer fire seasons (e.g., Westerling, 2016; Westerling et al., 2006). Several studies have suggested

that this trend will continue throughout the 21st century and that smoke could become the dominant source

of PM2.5 in the western United States during the fire season (e.g., (Liu et al., 2016; Yue et al., 2013). However,

estimating future fire emissions and their impact on air quality is challenging. Fire trends are influenced not

only by the changing climate but also by land use changes, land management choices, and human interac-

tions (in terms of both ignition and suppression; e.g., Balch et al., 2017; Fusco et al., 2016; Prestemon et al.,

2013). Most studies that have estimated future fires (risk or area burned) have relied on statistical regressions

of current-day meteorological values (such as precipitation, relative humidity, and temperature) and fire
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indices (Liu et al., 2016; Prestemon et al., 2016; Spracklen et al., 2009; Westerling & Bryant, 2008; Yue et al.,

2014), or parameterizations built off these statistical regressions (Liu et al., 2016; Yue et al., 2013, 2014)

showed that these methods are able to explain 25–65% of the variance in area burned, but the efficacy is

regionally dependent. When applied to future predictions, these studies suggest increases in fire emissions,

specifically in the western United States, leading to increases in surface fire-related PM concentrations

(Spracklen et al., 2009; Yue et al., 2013), visibility degradation (Spracklen et al., 2009), and smoke-exposure

events (Liu et al., 2016). Val Martin et al. (2015) previously used Community Earth System Model (CESM) to

simulate future PM concentrations in the United States with regard to changing emissions, land use, and

climate. For fire emissions, they used the spatial distributions from the Representative Concentration

Pathway (RCP) scenarios and then homogeneously scaled the monthly emissions in the western United

States and Canada to match the total fire emissions from Yue et al. (2013).

More recently, process-based fire modules embedded in global land models have been used to estimate

future fires and emissions (e.g., Knorr et al., 2017; Pierce et al., 2017). These fire modules use information

on both climatic and socio-economic drivers (e.g., soil moisture, temperature, gross domestic product, and

population density) to estimate area burned and fire emissions (Knorr et al., 2014; Li et al., 2013; Pierce

et al., 2017). In contrast to statistical models, processed-based fire models can better represent feedbacks

between emissions and climate and land use (Li et al., 2012, 2013, 2017). Additionally, they do not have to

assume that the statistical relationships determined from current day observations will stay the same in

the future under different climate scenarios nor do we need to either assume a statistical relationship holds

for all regions or create a statistical relationship for each region. Finally, using the process-based fire module

within a global model allows us to account for changes in fire emissions outside the study domain (contig-

uous United States) that can also impact air quality within our study domain. In this study, we use simulated

concentrations of PM2.5 generated by the CESM for early 21st century (“2000,” the average of 2001–2010),

midcentury (“2050,” average of 2041–2050), and late 21st century (“2100,” average of 2091–2099) described

in Pierce et al. (2017) to estimate changes in PM2.5 concentrations, population-level exposure, health effects,

and visibility in the United States.

2. Methods and Tools

2.1. Model Simulations of Fire Emissions and Atmospheric Concentrations

We use the CESM to simulate surface-level PM2.5 concentrations. A description and evaluation of the model is

given in Tilmes et al. (2015). The model is run at 0.9° × 1.25° horizontal resolution for three periods: early 21st

century (2000–2010), midcentury (2040–2050), and late century (2090–2099). Results are shown as 10-year

averages (with the first year excluded for model spin-up). Ten-year time periods were run to represent clima-

tological averages and account for interannual variability. The simulations were conducted in two separate

steps: (1) simulating fire emissions using a land model and then (2) simulating air quality impacts using an

atmospheric model.

First, emissions for landscape, agricultural, and peat fires were interactively simulated using the Community

Land Model (CLM) v4.5 (Oleson et al., 2013), which accounts for changes in land cover, vegetation, climate

change, and population (Pierce et al., 2017). These runs were conducted globally at 0.9° × 1.25° resolution

for 1850 to 2100. Future fire simulations (2006–2100) were driven by monthly meteorological fields from

archived CESM1 simulations with the RCP4.5 and RCP8.5 scenarios and population projections from the

Shared Socioeconomic Pathways (SSPs; Jones & O’Neill, 2016); the transition period (1850–2005) was forced

with assimilated atmospheric data from the Climatic Research Unit of the National Centers for Environmental

Prediction (CRUNCEP) and population data from the History Database of the Global Environment (HYDE). The

transient run started from an 1850 equilibrium (spin-up) state of CLM4.5 with the fire module. Description of

the original fire module and comparison with fire emission inventories are given in Li et al. (2012), and

updates to the module and further validation are in Li et al. (2013) and Li et al. (2017). Li et al. (2013) and

Li et al. (2017) found that CESM with the updated fire module is able to simulate the spatial distribution of

fires, total area burned, fire seasonality, fire interannual variability and trends, and fire carbon emissions rea-

sonably well compared to observations.

Second, the Community Atmospheric Model v4 fully coupled with an interactive gas-aerosol scheme

(CAM-Chem) was used to simulate air quality impacts (Lamarque et al., 2012) using the fire emissions from
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the CLM. Meteorology in our present-day CAM-Chem simulations is free-running and not assimilated for pre-

sent day. Hence, specific daily meteorological conditions in the present-day simulations do not correspond to

observed conditions. Population projections are taken from the SSPs (Jones & O’Neill, 2016) and are

described in detail in section 2.2. Biogenic emissions were determined using the Model of Emissions of

Gases and Aerosols from Nature (MEGAN v2.1; Guenther et al., 2012). For estimating future anthropogenic

emissions, we used the RCP scenarios 4.5 and 8.5 (van Vuuren et al., 2011). The RCPs are four different future

climate scenarios that describe trajectories for greenhouse gas concentrations. They are referred to by the

associated amount of radiative forcing that would occur by 2100 compared to preindustrial times (i.e.,

RCP4.5 corresponds to a +4.5 W/m2 forcing). The RCP8.5 scenario assumes continued increases in green-

house gas concentrations throughout the 21st century due to high populations, slow income growth, high

energy demand with moderate technological changes to reduce emissions, and the absence of climate

change policies. In RCP8.5, methane and carbon dioxide emissions will increase throughout the century.

The RCP4.5 pathway has a gradual reduction in greenhouse gas emission rates after 2050 such that radiative

forcing is stabilized shortly after 2100. It assumes a shift to lower emission energy sources, enactment of

climate policies, less croplands, and more forests. In RCP4.5, carbon dioxide emissions will increase to

midcentury and then decline; methane emissions will have a slight decline throughout the century. Both

scenarios suggest a decrease in SO2 and NOx emissions (although a greater decline in NOx emissions with

the RCP4.5 scenario).

Fire emissions were provided to CAM-Chem from the CLM4.5 fire simulations described above. We note that

due to internal variability in climate dynamics, an ensemble of CESM simulations could potentially provide a

range of potential future smoke PM2.5 concentrations (Kay et al., 2014). While we were only able to perform a

single set of simulations due to the computational complexity of the CESM simulations, future work should

consider an ensemble of simulations to better capture the potential range in the projections of future smoke

concentrations. A full description of the model set-up, experimental design, and model evaluation can be

found in Pierce et al. (2017).

Several different atmospheric simulations were conducted for each of the three different time periods to

determine the contribution of different sources and emission regions to atmospheric concentrations in the

contiguous United States (CONUS, the United States without Hawaii and Alaska; Table S1). Our baseline

simulations included all emission sources, while our Fireoff simulation turned off all fire emissions, and our

TransportFireOff turned off fire emissions only in Canada, Alaska, Hawaii, and Mexico (this does not include

transported smoke from fire emissions on other continents). By comparing these two sensitivity tests with

the baseline simulation, we can determine the contribution of all wildfire smoke and the contribution of

transported smoke to total PM2.5 concentrations.

We calculate the surface-level PM2.5 concentration from the model output with the following equation as in

Val Martin et al. (2015):

PM2:5 ¼ SO4 þ NH4NO3 þ BCþ 1:8� OCð Þ þ SOAþ DUSTþ SSLT (1)

PM2.5 is the combination of sulfate, ammonium nitrate, secondary organic aerosols (SOAs), fine dust (first two

size bins), fine sea salt (SSLT, first two size bins), black carbon (BC), and organic carbon (OC). BC and OC are the

sums of the hydrophobic and hydrophilic components, and we use 1.8 as the OM:OC ratio following Hand

et al. (2012). SOA is the sum of species formed from toluene, monoterpenes, isoprene, benzene, and xylene.

2.2. Population Projections

Also, included in the CLM simulations are population projections from the SSPs (Jones & O’Neill, 2016).

Following van Vuuren et al. (2011), we use SSP3 with RCP8.5 and SSP1 with RCP4.5. SSP3 is a “fragmented

world” scenario where a focus on national security and borders has hindered international development

(O’Neill et al., 2017). Population growth is high in developing countries and low in industrialized countries,

and migration is low. This leads to a decline in the U.S. population by 2100 (but increased global population).

SSP1 is the “sustainability” pathway, where there is rapid technological development, lower energy demand

(particularly with less fossil fuel dependency), increased awareness of environmental degradation, and

medium-to-high economic growth. Higher education levels lead to an overall lower global population, but

fast urbanization and migration increase population density in urban areas around the CONUS (O’Neill
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et al., 2017). The predicted changes in population density for each scenario are shown in Figure 1. These

population projection scenarios are included in the simulations discussed in section 2.1 because

demographic changes can alter fire activity due to suppression and can influence where fires occur (Balch

et al., 2017; Knorr et al., 2014, 2016). We also use these population projections to estimate future smoke

exposure, health effects, and determine population-weighted average concentrations.

2.3. Visibility Calculations

We used the first IMPROVE equation (equation (2)) developed by Malm et al. (1994) to calculate potential

changes in visibility. We chose to present results in the main text using the first equation rather than the

revised equation (Pitchford et al., 2007) for better comparison with Val Martin et al. (2015). The revised equa-

tion also separates the organic mass into large and fine mode fractions using the total mass (if the total con-

centration is above 20 μg/m3, all of it is assumed to be in the large mode. If the concentration is below

20 μg/m3, then it is separated into small and large modes, which have different mass extinction efficiencies).

Using this cutoff value based on total mass to distinguish between large and small modes created some

counterintuitive results when examining our sensitivity simulation results on days with high concentrations.

However, we did calculate these changes in visibility using the revised IMPROVE equation and found gener-

ally similar results (see section S5).

bext≈3�f RHð Þ� Ammonium Sulfate½ � þ 3�f RHð Þ� Ammonium Nitrate½ � þ 4� Organic Mass½ �
þ 10� Elemental Carbon½ � þ 1� Fine Soil½ � þ 0:6� Coarse Mass½ � þ Rayleigh scattering (2)

With the IMPROVE equation, light extinction (bext) at each IMPROVE site is calculated by multiplying the mass

concentrations (in μg/m3) of different aerosol components by typical component-specific mass extinction

efficiencies. For sulfate and nitrate, the dry extinction efficiency is also multiplied by a water growth factor

Figure 1. Figure shows the current CONUS population density (average 2006–2010) and the changes in population density projected in 2050 (average of 2040–2050)

and 2100 (average of 2090–2100) by the SSP1 and SSP3 projections.
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that is a function of relative humidity (f (RH)). Rayleigh scattering is assumed to be 10/Mm at every site, and

gas absorption is assumed to be 0. For our results, we use the CESM ground-level daily-average relative

humidity and daily-average PM species concentrations.

We also convert this to a haze index (HI) following equation (3) (U.S. EPA, 2003) and visual range (VR) following

equation (4) (Pitchford & Malm, 1994) as in Val Martin et al. (2015).

HI ¼ 10� ln bext=10ð Þ (3)

where bext is in inverse megameters.

VR ¼ K=bext (4)

where K is the Koschmieder coefficient and is assumed to be 3.91 in Pitchford and Malm (1994).

2.4. Health Impact

We calculate the all-cause mortality associated with changes in the annual-average concentrations in PM2.5.

We rely on the following concentration response function as used in Anenberg et al. (2010, 2014):

ΔMortality ¼ Pop 1� exp�β�ΔX
� �

Y0 (5)

In this equation, the change in mortality is determined by the population (Pop) and baseline mortality (Y0)

and the concentration response function. The health response (here, mortality) is related to the change in

annual-mean PM2.5 concentration (ΔX) using a concentration-response factor or beta coefficient (β) deter-

mined from relative risk (RR) estimates in epidemiological studies. The β can be determined from the RR esti-

mate following equation (6), which is commonly used (i.e., Anenberg et al., 2010, 2014; Fann et al., 2017) and

assumes a linear relationship between the ambient concentration and the log of the RR. While some studies

have suggested that a linear relationship would overpredict outcomes at high concentrations (Burnett et al.,

2014; Nasari et al., 2016; Pope et al., 2015), this linearity has been demonstrated over the range of PM2.5 values

relevant to this study (Krewski et al., 2009).

β ¼ ln RRð Þ=ΔX (6)

When calculating the ΔX for equation (5), studies often subtract the threshold value (concentration below

which there is no effect) or use the original epidemiological studies lowest observed concentration. For this

study, we use several different β coefficients commonly used in health impact assessments in order to deter-

mine a range of estimates for all-cause mortality. To note, there are uncertainties not only in β but also in the

application of the threshold/lowest-observed-concentration value, and shape of the concentration response

function that will all impact our final estimates of the number of attributable premature deaths. We do inves-

tigate the impact of the threshold value for our estimates, but for a more-detailed exploration and sensitivity

analyses of these uncertainties on the estimates, see Johnston et al. (2012), Kodros et al. (2018), or Ford and

Heald (2016).

In this study, we use β coefficients from Krewski et al. (2009), Crouse et al. (2012), and Laden et al. (2006). The

RRs, confidence intervals (CIs), and threshold/lowest-observed-concentration values from these studies are

given in Table 1. To note, all of these studies are of the health effects associated with total PM2.5 mass.

Therefore, by using these β coefficients for determining the burden contribution due only to smoke, we

are assuming (as has been done in other studies) that all sources and aerosol types have equal toxicity, which

may not be accurate. Recent review studies specific to wildfire smoke exposure (e.g., Liu et al., 2016; Reid

et al., 2016) have highlighted both similar health effects to total PM2.5 exposure studies (positive associations

with respiratory morbidity) and some distinctions (no clear association with cardiovascular morbidity).

However, while there have been many studies looking at the effects of acute exposure to wildfire smoke,

there are no studies that have quantified the relationship between all-cause mortality and long-term expo-

sure to smoke PM2.5, which is what we are determining here. Therefore, previous studies (e.g., Johnston

et al., 2012) have also relied on using RR values from studies of total PM2.5 when estimating the number of

premature deaths attributable to long-term exposure to smoke PM2.5.
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For our final results, we use the Krewski et al. (2009) RR because it is widely used and derived from a large

cohort population in the United States (American Cancer Society Cancer Prevention Study II). We pair the

Krewski et al. (2009) RR with the lowest observable concentration from Crouse et al. (2012) because subse-

quent research since Krewski et al. (2009) has shown mortality effects of PM2.5 exist at PM2.5 concentrations

below the minimum observed value of Krewski et al. (2009) of 5.8 μg/m3 (Crouse et al., 2012; Pinault et al.,

2016). Other studies have assumed a threshold of 0 μg/m3 (i.e., Fann et al., 2017). We also examine the sen-

sitivity to other choices in β coefficients and threshold values, and we present those results as well.

Population is taken from the SSP1 and SSP3 projections and is on a 0.5° spatial resolution grid. For baseline

mortality, we use the SSP population death rate estimates for all-cause mortality. These are given for five-year

time periods for each country. We use the nationally averaged death rate for the U.S. rate for each year in our

simulation period, and we regrid the PM2.5 concentrations to the same 0.5° resolution as the population to

estimate exposure concentrations. There is a decrease in themortality rates for SSP1 and an increase for SSP3.

Finally, to attribute the number of premature deaths to each source (nonfire, CONUS fire, and AK/HI/Mexico/

Canadian transported smoke), we multiply the total number of premature deaths determined from the total

PM2.5 by the fraction of PM2.5 from each source (determined from our sensitivity simulations). This method, as

opposed to using the results from the sensitivity simulations with zeroed out emissions, avoids underestimat-

ing the contribution of sources that would occur given the dependence on the threshold value and the non-

linearity of the concentration response function (Kodros et al., 2018).

3. Results

3.1. Projections of Future Smoke Emissions in North America

From the CLM, the present-day area burned for the CONUS (or Temperature North America, TENA) is 6.2 Mha/

year (for 1995–2005); this is greater than the Global Fire Emissions Database version 4 (GFED4) estimate of

1.8 Mha/year (Giglio et al., 2013); however, this GFED4 estimate does not include small fires, which are impor-

tant in the United States. The GFED4s estimate, which does include small fires, estimates an average of

2.7 Mha/year for 2001–2010 with a range of ~1.5–4 Mha/year (Randerson et al., 2012). The land model simu-

lations described in section 2.1 showed an increase in area burned in themiddle and late 21st century relative

to the start of the century. As the burn area increases, biomass burning (BB) emissions also increase (whereas

carbon emissions from other sources are projected to decrease). The total annual average emissions of BB BC

and OC for the CONUS as determined from the CLM simulations are given in Table 2. Our early 21st century

(2000) CONUS BB emissions of BC (0.058 Tg/year) are in the range of the GFED (0.011 Tg/year), Fire INventory

National Center for Atmospheric Research (FINN; 0.024 Tg/year), and National Emissions Inventory (0.102 Tg/

year) inventories as given in Larkin et al. (2014). Our CONUS OC BB emissions (0.84 Tg/year) are also between

the Streets et al. (2004) estimate of 0.954 Tg/year (for 1996), the U.S. EPA (2006) estimate of 0.658 Tg/year (for

2000), and FINNv1 estimate of 0.405 Tg/year (Wiedinmyer et al., 2011). Results from the CLM interactive fire

Table 1

Epidemiology Studies Used for Our Calculations of Attributable Premature Deaths With Their RRs, CIs, and Threshold/Lowest Observed Concentration Values

Study reference Relative risk for ΔX = 10 μg/m
3

Confidence interval Lowest observed/threshold concentration

Krewski et al. (2009) 1.06 1.04–1.08 5.8 μg/m
3

Crouse et al. (2012) 1.10 1.05–1.15 1.9 μg/m
3

Laden et al. (2006) 1.16 1.07–1.26 10 μg/m
3

Table 2

Decadal-Average Black Carbon and Organic Carbon Emissions in the Contiguous United States Due to Biomass Burning

2000–2010 2040–2050 2090–2100

CONUS biomass burning emissions Baseline RCP4.5 RCP8.5 RCP4.5 RCP8.5

Black carbon (Tg year) 0.058 0.13 0.087 0.12 0.14

Organic carbon (Tg year) 0.84 1.9 1.3 1.9 2.1
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simulations shown in Table 2 suggest that emissions should double by midcentury in the RCP4.5 (increase by

~50% in RCP8.5) and almost triple by 2100 in RCP8.5. As noted in Val Martin et al. (2015), the standard RCP4.5,

which does not include prognostic future fire emissions from CLM (as done here) or a statistical fire prediction

model (e.g., Yue et al., 2013), suggests an increase of about 60% in fire OC emissions over the western United

States by 2050 while the RCP8.5 suggests a 0.3% decrease in these emissions. These assume that fire emission

changes are because the standard RCP scenarios consider land use changes (afforestation in RCP4.5 and

deforestation with a transition to more croplands in RCP8.5), but not any climate effects (Lamarque et al.,

2010; Val Martin et al., 2015). Using a statistical fire model that did include climate changes on fires (and relied

on output from 15 climate models using the A1B scenario), Yue et al. (2013) predicted a 150–170% increase in

OC and BC fire emissions in the western United States by 2050. Thus, by adding in an increase in fire emis-

sions following Yue et al. (2013), Val Martin et al. (2015) had similar increases in emissions in the western

United States as shown here (~100% in RCP4.5 and ~50% in RCP8.5 increase by 2050).

However, we find significant spatial differences in where the changes in BB emissions occur compared to

these previous studies. In Figure 2, we show the early 21st century (average 2000–2010) BC and OC BB

emissions over the CONUS and the changes for 2050 (annual average for 2040–2050) and 2100 (average

2090–2099) for the RCP4.5 and RCP8.5 scenarios determined from the land model simulations. The largest

projected changes are in the southeastern United States and along the Canadian border (Figure 2). These

increases in BB emissions in the eastern United States are an important distinction of this current work, as

previous studies such as Yue et al. (2013) and consequently Val Martin et al. (2015) did not consider any sig-

nificant increases in area burned or fire emissions over the eastern United States and only focused on the

western United States. Yue et al. (2013) predicted a 150–170% increase in fire-related OC and BC emissions

in the western United States by midcentury using the A1B scenario. Here we find a 60% (RCP8.5) or 130%

(RCP4.5) increase for the whole United States in midcentury; however, the majority of the increase in

BC + OC emissions is for the eastern United States (85% RCP8.5, 220% RCP4.5) and not the western United

States (40% RCP8.5, 45% RCP4.5). Like Yue et al. (2013), our simulations show that the western United States

has peak fire emissions in August throughout the century. Additionally, the northeastern United States has

Figure 2. Early 21st century (2000), decadal average OC and BC BB emissions for the CONUS, and the changes for 2040–2050 and 2090–2100 projected with the

RCP4.5 and RCP8.5 scenarios.
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a similar fire season compared to the western United States, whereas the southeastern United States has

peak fire emissions earlier in May. For all regions, the annual fire emissions increase due to both increases

in emissions during the peak fire season and a lengthening of the fire season, with the largest changes in

both the peak emissions and lengthening occurring in the southeastern United States.

In the CLM simulations (Pierce et al., 2017), both climate and population changes drive the fire emissions. In

both the RCP4.5 and RCP8.5 scenarios, the relevant climate changes (i.e., temperature, precipitation, and soil

moisture) throughout the United States are overall conducive to increasing fire emissions in the future

(Stocker et al., 2013; Val Martin et al., 2015, Figure S1), and climate is the main driver of our simulated changes

in fire emissions in the CONUS (Pierce et al., 2017, Figure S2). The RCP4.5 scenario projects strong afforesta-

tion up to 2050 over the southeastern United States due to mitigation strategies for carbon emission reduc-

tions (shown in Val Martin et al., 2015); this rate begins to stabilize after 2050, and there is less fuel recovery by

2100. While climate is the primary driver of fire changes in the United States, population changes also impact

fires, particularly the suppression and ignition of fires. The SSP1 (used with RCP4.5) projects an increase in

population over the CONUS (Figure 1), which leads to increased suppression of fires in the eastern United

States in the CLM, offsetting some of the increases in fires that might be projected if only changes in climate

are considered (Val Martin et al., 2015). The RCP8.5 scenario projects deforestation in much of the eastern

United States and a transition to more croplands leading to less fuel available to burn. Correspondingly,

the RCP8.5 scenario does suggest a slight increase in agricultural burning in the southeast (although

landscape fires overall dominate the area burned). Additionally, the SSP3 (used with RCP8.5) projects little

population change by 2050 and then widespread decreases by 2100 (Figure 1). This leads to less suppression

of fires, which coupled with the changes in climate, increases fire emissions significantly between the mid-

century and late century.

Because our model simulations suggest that BB in the eastern United States could significantly increase, and

as population and PM2.5 concentrations are generally higher in the eastern United States compared to the

western United States (with the exception of California), this could have important implications for smoke

exposure and the resulting health effects.

3.2. Projections of Future PM and Fire PM in the United States

Changes in emissions will also alter PM2.5 concentrations levels in the CONUS. By 2050, total PM2.5 concentra-

tions are projected to decrease primarily due to expected reductions in anthropogenic emissions in both the

RCP4.5 and RCP8.5 scenarios (Figure 3). The reductions shown here are most notable in the eastern United

States, particularly in the Ohio River Valley, consistent with recently observed downward trends in this region

(e.g., Malm et al., 2017; U.S. EPA, 2012). In our RCP4.5 scenario simulations, PM2.5 concentrations will continue

to decrease by 2100; however, in the RCP8.5 scenario, several areas in the western United States, northeast-

ern United States, and southeastern United States are projected to have higher concentrations compared to

the early 21st century (2000). Our results shown here in Figure 3 differ from Lam et al. (2011), which showed

that PM2.5 should decrease drastically by 2050. However, they did not account for changing fire emissions.

In Figure 4, we show the decadal average of the annual changes in fire-related PM2.5 projected in our simula-

tions (summertime [June-July-August] average is shown in Figure S6). These results indicate that smoke con-

centrations are the cause for the higher PM2.5 in our future simulations and that without an increased

contribution from smoke, many regions would be projected to have even lower PM2.5 concentrations than

shown in Figure 3. Both our RCP4.5 and RCP8.5 scenarios suggest that PM2.5 due to fire emissions will increase

in the future. There are three main regions that will be impacted: (1) the Pacific Northwest (and northern

California), (2) the southeastern United States, and (3) the north-central and northeastern United States along

the Canadian border. In the early 21st century, fire emission accounts for more than 50% of the annual PM2.5

only in the Pacific Northwest (Figure S6). By 2100 in both our RCP4.5 and RCP8.5 scenarios, fire emissions are

projected to account for more than 50% of the annual PM2.5 across most of the CONUS, and in areas of the

three previously mentioned regions, fire emissions are projected to be responsible for 75% or more of the

annual average PM2.5 concentrations in the RCP8.5 scenario (Figure S7).

Figure 5 shows the average PM2.5 concentrations divided by species over the CONUS from our simulations.

Inorganic species (sulfate and nitrate ammonium) are predicted to decrease, while SOA and OA concentra-

tions will increase. SOA is predicted to increase with increasing biogenic emissions as shown in Val Martin
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Figure 4. Simulated decadal average PM2.5 concentrations due to fire emissions from the land model in 2000 and as projected in 2050 and 2100 in the RCP4.5 and

RCP8.5 simulations (with the land model fire emissions).

Figure 3. Total surface PM2.5 concentrations in the CONUS for early 21st century, and the projected change (compared to early 21st century) in surface PM2.5

concentrations by midcentury and late century from the baseline CESM simulations using the RCP4.5 and RCP8.5 scenarios.
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et al. (2015), while the OA increase is primarily due to fire emissions, as

BB is the largest emission source of OC in the United States. Although

Val Martin et al. (2015) used different fire emissions (scaled RCP4.5

and RCP8.5 scenario fire emissions to match Yue et al., 2013), they also

showed that OA concentrations would double by 2050 due to fire

emissions in both the RCP4.5 and RCP8.5 scenarios. BC is predicted to

decrease as mobile and industrial emissions are significant but decreas-

ing sources, and BB is not currently themajor source of BC in the United

States. Yue et al. (2013) found that wildfire emissions increased western

U.S. summertime OC by 46–70% and BC by 20–27% at midcentury

compared to the present day. Here we find that if we do not consider

changes in anthropogenic emissions, wildfire emissions would lead

to a 16% (28%) increase in summertime BC averaged for the

CONUS and a 51% (86%) increase in OA in the RCP8.5 (4.5) scenario

by midcentury.

Because of the large concentration increases along the border in the

Northeast as shown in Figures 3 and 4 (where there are large popula-

tion centers) projected in the RCP8.5 scenario, we also wanted to deter-

mine how much of this increase could be due to smoke transported

from North American regions outside CONUS. Figure 6 shows the

results from our TransportFireOff simulation (where fire emissions in

Canada, Alaska, and Hawaii were turned off), which suggests that not only will concentrations increase due

to local fires but also fire emissions in Canada could cause a 1–5 μg/m3 increase in PM2.5 in the RCP8.5

scenario (absolute concentrations are shown in Figure S8). This is approximately 50% of the smoke PM2.5

in the northern United States, which suggests that smoke from Alaskan or Canadian fires could be responsi-

ble for 25% of the annual PM2.5 burden in the northern United States by 2100 compared to 5% in the early

21st century.

For the CONUS-wide decadal average, the fire-related contribution to PM2.5 concentrations is projected to

go from ~25% to over 50% by 2100 in both the RCP4.5 and RCP8.5 scenarios (Figure 7; regional results are

shown in Figure S9). In the RCP8.5 scenario, smoke will almost completely offset the projected reductions in

nonfire PM2.5 from the early 21st century. To note, this is for the (decadal) annual averages. During the fire

season, the concentrations (and thus, the exposure concentration levels) will be even higher. In the

southeast, midsouth, northeast, and west regions the summertime (June, July, and August) average in

our simulations (see Figure S10) is above the World Health Organization (WHO) guideline of 10 μg/m3

and the EPA national ambient air quality standard limit of 12 μg/m3 (these standards/guidelines are for

annual averages).

Figure 5. Average (decadal means) PM2.5 concentrations over the CONUS sepa-

rated by species for early 21st century, midcentury, and late century from the

RCP4.5 and RCP8.5 scenarios.

Figure 6. Percent of smoke PM2.5 due to transport (fires outside the CONUS) for 2000 and in 2050 and 2100 with the RCP8.5 scenario.
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3.3. Projections of Visibility Changes in the United States

The Regional Haze Program was established with the goal of reducing

visibility impairment in National Parks, forests, and historic sites around

the United States. According to our simulations, visibility will increase in

many of these designated areas in the eastern United States due

to decreases in anthropogenic emissions. However, in the western

United States where concentrations are predicted to increase due to

wildland fire smoke, visibility could worsen by 2100. Additionally, wild-

fires are not a continuous emission source; their timing and location are

sporadic, and they can produce large emission spikes on day to week

timescales. Therefore, while the impact on the annual timescale may

be relatively small, the contribution to a single day could be quite large.

The Regional Haze Rule requires states to set goals to improve visibility

and reach natural conditions on both the clearest (average of bottom

20% over 5-year period) and haziest (average of bottom 20% over

5-year period) days by 2064.

In these RCP8.5 simulations (for RCP4.5 results, see Figure S3, and for

results with revised equation, see Figure S4), we see that the 20% best

days are projected in our simulations to have improved visibility by

2050 and 2100 (Figure 8). However, when we look at the 20% worst

days, our simulation results suggest that smoke from fires would lead

to visibility degradation in many regions of western United States

and the southeastern United States in 2050, which would then worsen

by 2100 (Figure 8). Particular areas of vulnerability include parks in the western United States (e.g., Glacier

National Park, Lassen Volcanic National Park), southeastern United States (e.g., Great Smoky Mountains

National Park), and in the northeastern United States (e.g., Acadia National Park). If we compare to results

from our FireOff simulation, we see that this is due to fires. Without fires, our projections suggest that visibility

would continue to improve by 2050 and 2100. Visibility projections from our RCP4.5 simulations suggest simi-

lar spatial changes (visibility degradation on the worst days in the west and southeastern United States), but

with different magnitudes. These results differ from the projections shown in Val Martin et al. (2015), which

showed that visibility would improve on the worst and best days by 2050 in both the RCP4.5 and RCP8.5

scenarios. As we are using the same anthropogenic emissions as Val Martin et al. (2015), these differences

are due to the CLM-predicted fire emissions, which have a different magnitude and spatial distribution of

changes during the 21st century. As mentioned in section 3.1, Val Martin et al. (2015) only considered fire

emission changes in the western United States, whereas the simulations used in this study suggest much

larger changes in the eastern United States.

In Figure 9 (Figure S4 for revised equation), we show the cumulative probability distributions of the HI at four

different national park locations in the United States that will potentially experience more visibility degrada-

tion due to fires: Acadia National Park in ME (ACAD1), Glacier National Park in MT (GLAC1), Great Smoky

Mountains National Park in Tennessee Mountains (GRSM1), and Lassen Volcanic National Park in northern

CA (LAVO1). In general, our simulations suggest that visibility should improve in the future on the average

day and on the cleanest days. At the northeastern (ACAD1) and southeastern (GRSM1) sites, fire-related

PM has little impact on visibility in the early 21st century (little difference between the fire and no fire results).

At the western sites, and particularly at the northern California site (LAVO1), fire-related PM has a larger

impact on visibility, especially on the days with the worst visibility. For all sites, fire-related PM2.5 will play a

larger part in visibility degradation in 2050 and 2100 (in the RCP8.5 scenario) and more days will be impacted

by fire-related PM compared to the early 21st century. In Figure 9, we also have the 2,064 HI targets marked

for each state. Our simulation results suggest that for the four sites shown here, that smoke will make it diffi-

cult to reach the haziest day targets. Without smoke, all of the sites would be able to reach both the haziest

day and clearest day targets (by 2100); with smoke, only ACAD1 will reach the clearest day goal. However,

these simulation results may not be completely representative of the necessary rate of progress needed to

reach the goals as we have not analyzed how well our simulations match the real baseline conditions (deter-

mined from 2000 to 2004) at each site.

Figure 7. Decadal average PM2.5 concentrations over the CONUS separated by

source (nonfire, fire, and AK/HI/Mexico/Canadian transported smoke from fires)

for early 21st century, midcentury, and late century from the RCP4.5 and

RCP8.5 scenarios (simulations to determine transported smoke were only

conducted for RCP8.5 scenario).
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Figure 8. Change in the haze index calculated for the average of the (top row) 20% best and (bottom row) 20% worst days by 2050 and 2100 in the RCP8.5 scenario

determined from our baseline simulation (“fires”) and our FireOff simulation (“no fires”). Sites in Figure 9 are labeled as follows: Acadia National Park in ME (ACAD1),

Great Smoky Mountains National Park in TN (GRSM1), and Lassen Volcanic National Park in northern CA (LAVO1).

Figure 9. Cumulative probability distributions of the haze index (equation (3)) and visibility range (equation (4)) at Acadia

National Park in ME (ACAD1), Great Smoky Mountains National Park in TN (GRSM1), and Lassen Volcanic National Park in

northern CA (LAVO1) for our different RCP8.5 model simulations and time periods. The solid black lines show the 2064 HI

targets for the clearest (average of bottom 20%) and haziest (average of top 20%) days at each site. Location of sites is

noted in Figure 8.
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3.4. Projections of Population-Level PM Exposure in the United States

While emissions and concentrations are expected to change, population is also expected to change in the

future. This population change will impact the population-level exposure and the expected health effects.

Thus, it is important to determine not only the average concentration but also the average exposure concen-

tration experienced by populations in different regions.

In Figure 10, we calculate the population-weighted average concentrations for the different regions of the

United States (same regions as in Val Martin et al., 2015). Both the RCP8.5 and RCP4.5 scenarios predict a

decrease in the decadal average of the annual population-weighted PM2.5 by 2050, suggesting that

population-level exposure will improve for all regions of the United States. This is due both to decreasing

urban emissions and population changes. However, in several regions (such as the Great Plains and

Figure 10. Decadal average of the annual population-weighted PM2.5 concentrations for different regions of the CONUS

(as defined in Val Martin et al., 2015) separated by source (nonfire, fire, and transported smoke from fires) for early 21st

century (2000), midcentury (2050), and late century (2100) from the RCP4.5 and RCP8.5 scenarios (simulations to determine

transported smoke were only conducted for the early 21st century and RCP8.5 projection scenarios).
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Southwest), increases in fire PM2.5 will offset a significant amount of the improvements in exposure levels

associated with decreases in anthropogenic emissions. Additionally, in every region, our simulations

suggest that smoke will become a dominant source of the annual average PM2.5 exposure, even in regions

that are not typically associated with wildfires, such as the Northeast and Midsouth. In these two regions,

much of this increase is due to transport of smoke from other regions.

In our RCP8.5 scenario simulations, population-level exposure concentrations in most regions is projected to

increase or stay consistent in 2100 compared to 2050 due to increasing fire emissions offsetting decreasing

nonfire emissions. For the Great Plains and Northeast, transported smoke from Canada is a significant part of

this projected increase (we did not do transport sensitivity simulations for the RCP4.5 scenario).

3.5. Projections of the Health Impact of PM2.5 and Fire PM2.5 in the CONUS

From the PM2.5 concentrations and population estimates, we determine the burden on premature deaths

attributable to PM2.5 exposure following the method outlined in section 2.3. In Table 3, we show results

acquired using different RRs and threshold values from the studies described in the methods (Table 1).

Laden et al. (2006) calculated a higher RR, but also had a higher lowest observed level, such that using this

value as the threshold value causes concentrations for much of the United States to fall below this value

and not contribute to the number of premature deaths attributable to PM2.5. The highest estimates come

from using the Crouse et al. (2013) RR and threshold value. The range of estimates shown here highlights

the importance of the assumptions that are used in determining the health impact. Including results using

these different assumptions can make our results more comparable to other studies that use different

baseline assumptions.

To determine the source-specific contribution from fires, we multiplied the total premature deaths by the

fraction of PM2.5 from each source in each grid. Results are shown in Table 4 (which provides the range of

estimates using the different RRs and threshold values). Both our RCP4.5 and RCP8.5 scenario simulations

suggest that the number of premature deaths attributable to fire-related PM2.5 will increase in 2050. In our

simulations with the RCP4.5 scenario, it is projected that the number of attributable deaths will decrease

Table 3

Number (1000s) and Percent (in Parentheses) of Premature Deaths Attributable to Total PM2.5 Exposure per Year Determined From Using Different RRs and Threshold/

Lowest Observed Values for the Different Time Periods and RCP Scenarios

2000 2050 2100

Study for RR; threshold value used Baseline RCP4.5 RCP8.5 RCP4.5 RCP8.5

Krewski et al., 2009; X0 = 0.0 μg/m
3

167 (6.1%) 147 (4.8%) 145 (3.9%) 107 (3.6%) 121 (3.9%)

Krewski et al., 2009; X0 = 1.9 μg/m
3a

138 (5.1%) 114 (3.7%) 105 (2.9%) 75 (2.5%) 88 (2.9%)

Krewski et al., 2009; X0 = 5.8 μg/m
3

80 (2.9%) 50 (1.6%) 31 (0.84%) 17 (0.57%) 30 (0.99%)

Crouse et al., 2012; X0 = 1.9 μg/m
3

222 (8.1%) 185 (6.0%) 171 (4.6%) 121 (4.1%) 142 (4.7%)

Laden et al., 2006; X0 = 10.0 μg/m
3

69 (2.5%) 28 (0.91%) 6 (0.17%) 5 (0.17%) 16 (0.53%)

a
Study and threshold value used for results shown in Figure 11.

Table 4

Number (1000s) and Percent (in Parentheses) of Premature Deaths Attributable to Fire PM2.5 Exposure Determined From Using Different RRs and Threshold/Lowest

Observed Values for the Different Time Periods and RCP Scenarios

2000 2050 2100

Study for RR; threshold value used Baseline RCP4.5 RCP8.5 RCP4.5 RCP8.5

Krewski et al., 2009; X0 = 0.0 μg/m
3

21 (0.89%) 53 (1.7%) 43 (1.4%) 45 (1.5%) 59 (2.4%)

Krewski et al., 2009; X0 = 1.9 μg/m
3a

17 (0.70%) 42 (1.4%) 32 (1.0%) 32 (1.1%) 44 (1.8%)

Krewski et al., 2009; X0 = 5.8 μg/m
3

10 (0.4%) 20 (0.66%) 11 (0.34%) 9 (0.31%) 18 (0.70%)

Crouse et al., 2012; X0 = 1.9 μg/m
3

28 (1.2%) 67 (2.2%) 51 (1.7%) 52 (1.8%) 71 (2.9%)

Laden et al., 2006; X0 = 10.0 μg/m
3

7 (0.31%) 15 (0.49%) 3 (0.09%) 4 (0.13%) 11 (0.41%)

a
Study and threshold value used for results shown in Figure 11.
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by 2100 (but still be higher than in the early 21st century), while the number of premature deaths attributable

to fire-related PM2.5 is projected to continue to rise by 2100 in our RCP8.5 scenario simulation.

We summarize these results in Figure 11, which shows the calculated annual number (Figure 11a) and per-

centage (Figure 11b) of premature deaths attributable to PM2.5 exposure in the CONUS using model-

simulated PM2.5 concentrations, the SSP population projections, the projected U.S. mortality rates from the

SSPs, the concentration-response function (equations (5) and (6)), the Krewski et al. (2009) RR listed in

Table 1, and the threshold value from Crouse et al. (2013) listed in Table 1 (regional estimates are given in

the Figures S11 and S12). Our results using these baseline assumptions suggest that approximately 5% of

the total deaths in the CONUS are attributable to PM2.5 in the early 21st century (range of 2-*% with different

assumptions), which is in the range estimated by several previous studies (roughly 2–11% in Fann et al., 2012;

Ford & Heald, 2016; Lim et al., 2012; Punger & West, 2013; and Sun et al., 2015). Estimates from our model

simulations suggest that the overall number of premature deaths attributable to PM2.5 should decrease in

the United States in both the RCP4.5 and RCP8.5 scenarios. However, the U.S. population also changes

throughout the century as well as the baseline mortality rates. In the SSP1 scenario (used with RCP4.5), popu-

lation increases, while in the SSP3 scenario (used with RCP8.5), population declines; thus, the percent of pre-

mature deaths attributable to PM2.5 is projected to remain at 3–4% of the total deaths. We also find (using the

baseline assumptions) that 0.70% of total deaths (12.5% of the premature deaths attributable to total PM2.5)

are due to fire-related PM2.5 in the early 21st century. The percent of deaths attributable to fire-related PM2.5

increases by the end of the 21st century to 1.1% and 1.8% for our respective RCP4.5 and RCP8.5 cases. While

the overall trends in mortality number and percent are similar in both panels of Figure 11, the qualitative dif-

ferences between the two panels are due to changing population and baseline mortality rates in the future.

4. Discussion of Uncertainties

We have presented here estimates of future (2050 and 2100) air quality, health effects, and visibility in the

CONUS determined from CESM simulations using emissions from a prognostic fire model. These are predic-

tions and the veracity of the results will be limited by the model and the assumptions we made to calculate

visibility and the health effects. These model simulations are uncertain due to the nature of the study which

relies on RCP emission scenarios and SSPs. We are only using a single model and single simulations for each

scenario. Compared to other models, CAM is more sensitive to CO2 forcings and therefore produces stronger

climate changes (Meehl et al., 2013). However, climate studies have shown that projections of decadal-mean

temperatures at the end of the 21st century for specific global regions can vary greatly between simulations

of even a single model due to internal variability in large-scale oceanic and atmospheric dynamics (e.g., Deser

et al., 2012). Hence, we expect that an ensemble of CESM simulations would provide a range of potential

future smoke PM2.5 concentrations and associated visibility and health effects. However, due to the compu-

tational complexity of the CAM-Chem simulations at the simulated resolution, we were only able to perform

one set of simulations. Future work should consider ensembles of simulations.

Figure 11. (a) Number and (b) percent of premature deaths attributable to PM2.5 per year in 2000, 2050, and 2100 follow-

ing the RCP4.5 and RCP8.5 scenarios and separated by source (nonfire, fire, and transported smoke). The black lines show

the estimate range for the total attributable deaths from the RR CIs.
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Additionally, the model is limited by the processes that it is able to represent. While this study does use

wildfire emission estimates that were calculated with a land model (unlike many previous studies), the land

model was not run dynamically/online in the CESM simulation of atmospheric concentrations. Therefore,

there are potential land-atmosphere interactions that are not represented. Additionally, while the model

was run at a relatively fine global resolution for a global chemistry-climate model, the grid spacing

(~100 km) does not capture some important variability in concentrations relevant to the United States. At

this resolution, model simulations tend to smooth out concentrations over broad regions and therefore can-

not predict the high exposure concentrations often associated with dense smoke plumes or urban centers.

Not only are there large uncertainties in the PM2.5 concentrations, but we are also limited in calculating the

health burden by using the simple formulation give in equation (2). While this method is often used to pro-

vide estimates of the attributable premature deaths, studies can use different RR values, threshold values, and

different formulations, or apply it to different resolutions of exposure estimates (i.e., grid level or country

level), that can all lead to large uncertainties in the final numbers. A few examples were given in Table 1,

but there is a large range in the RRs found in different epidemiology studies (see Ford & Heald, 2016).

Additionally, we are assuming that the association between mortality and PM2.5 remains constant over the

study time period, irrespective of change in composition (we assume all PM2.5 has the same toxicity), health

care access, population activity, or other factors that might modify the relationship over time. The SSP1 and

SSP3 population and mortality estimates are also model predictions that rely on many assumptions.

While there are the uncertainties described above, our results do suggest that wildfire smoke will account for

a large amount of the premature deaths associated with PM exposure in the future and could offset many of

the health gains from reducing anthropogenic emissions, especially by the year 2100. Future work should

include ensembles of simulations and combinations of coupled land-fire-atmospheric models with statistical

fire projections to quantitatively map the range of uncertainties in future projections.

5. Conclusion

This study used CESM simulations of the early 21st century, midcentury, and late century surface PM2.5 to

determine the potential impact of fires on visibility, exposure, and mortality in the CONUS. Unlike

previous studies, these simulations used burn area determined from a land and fire model, which includes

not only climate changes but also socioeconomic drivers. We looked at two scenarios for the future: the

RCP4.5 scenario with SSP1 and the RCP8.5 scenario with SSP3 to provide the first estimates of future smoke

visibility and health impacts from model simulations using emissions determined from a prognostic

fire model.

Here we show, as other studies (e.g., Spracklen et al., 2009; Yue et al., 2013) have shown, that wildfire emis-

sions will likely increase in the United States in the middle and late 21st century, while U.S. anthropogenic

emissions will continue to decrease. However, unlike previous studies that focused on the western United

States, our simulations suggest that there will also be significant increases in fire emissions in the southeast-

ern United States. Our unique result could also be due to including population changes and assumptions

about afforestation and deforestation in our simulations as discussed in section 3.1. Additionally, these

previous studies mainly relied on parameterizations determined from statistical regressions of current day

conditions while we are using a land fire model, which could explain these discrepancies. Therefore, while

we are only presenting one set of simulations, these differing results do suggest that more work needs to

be done using models that better account for feedbacks between climate, land use, and emissions to under-

stand how the statistical relationships between these variables might change under different scenarios to

alter fire regimes.

In many regions, the decrease in anthropogenic emissions will lead to a decrease in PM2.5 concentrations, vis-

ibility, population-level exposure, and associated premature deaths. However, in some regions of the United

States, the potential improvements will be partially offset by increases in wildfire emissions. Results from the

CLM suggest that BC and OC emissions from fires will double with the largest changes in the western United

States, along the Canadian border, and in the southeastern United States. By 2100, both the RCP4.5 and

RCP8.5 scenarios suggest that fire-related PM will account for more than 50% of the annual average PM2.5

concentration in the CONUS. This will be due to both local fires and transported smoke. Smoke

10.1029/2018GH000144GeoHealth

FORD ET AL. 244



transported from outside the CONUS (AK/HI/Mexico/Canada) could account for >50% of the fire-related PM

in the Great Plains and Northeast regions in the RCP8.5 scenario.

Most of our results are for the decadal average, but wildfire smoke tends to be seasonal with large daily varia-

bility. Therefore, when looking at visibility, we saw that while the average visibility will improve, the visibility

on the worst days could get even worse, particularly in the western United States, southeastern United States,

and northeastern United States. We project that wildfire smoke will be the main cause of visibility degrada-

tion on the worst days in these regions.

Previous studies have quantitatively determined relationships between PM2.5 exposure and premature

deaths. Using these relationships, we calculated the burden for the early 21st century and future scenarios.

We found that approximately 138,000 deaths (5.1% of total deaths) are attributable to total PM2.5 in the early

21st century with 17,000 (0.7%) of these deaths attributable to fire-related PM2.5. The number of total deaths

attributable to PM2.5 is projected to decrease in both scenarios over the next century, but the number attri-

butable to fire-related PM will increase to 42,000 (1.4%, RCP4.5) or 32,000 (1.0%, RCP8.5) by 2050 and 32,000

(1.1%, RCP4.5) or 44,000 (1.8%, RCP8.5) by 2100.

Fires are potentially less controllable than urban and anthropogenic emission sources, and although there has

been increased efforts to better manage fuels and forests in the United States to reduce wildfire risk, the num-

ber and intensity of wildfires has continued to increase. This is in large part due to the fact that fire frequency

and intensity are strongly linked to the climate. While it is difficult to confidently determine how much the

health burden could be reduced under a future climate with an RCP4.5 scenario compared to an RCP8.5 sce-

nario (and decoupled from the changes in population) from our limited set of simulations, mitigation of cli-

mate change that could lead to a less warm and dry future climate should reduce the potential fire risks. In

our simulations, we also saw that population changes had an impact on our exposure andmortality estimates,

andmore people are currently moving into the wildland-urban interface in the western United States, leading

to a greater risk of wildfire smoke exposure. Additionally, both the RCP4.5 and RCP8.5 scenarios suggested

that while the overall PM2.5 health burden would decrease, the fraction attributable to smoke exposure could

increase in the future. Therefore, to continue to reduce the health burden associatedwith PM2.5 in the CONUS,

more emphasis will need to be put on reducing fire-related PM exposure through public health campaigns

(installing filters, creating clean air shelters, etc.) in conjunction with climate mitigation efforts.
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