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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• We selected six wildfires that accounted 
90 % of the total wildfire burn area in 
New Mexico in 2022. 

• A total of 0.81 million acres of land was 
burned and 152 thousand tons of fine 
particulate matter (PM2.5) was emitted. 

• The 1-h maximum smoke PM2.5 and 
ozone exceeded 120 μg/m3 and 60 ppb, 
respectively, near Santa Fe. 

• Total 22 short-term premature deaths 
attributed to wildfire PM2.5 and ozone 
exposure.  
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A B S T R A C T   

The 2022 wildfires in New Mexico, United States, were unparalleled compared to past wildfires in the state in 
both their scale and intensity, resulting in poor air quality and a catastrophic loss of habitat and livelihood. 
Among all wildfires in New Mexico in 2022, six wildfires were selected for our study based on the size of the burn 
area and their proximity to populated areas. These fires accounted for approximately 90 % of the total burn area 
in New Mexico in 2022. We used a regional chemical transport model and data-fusion technique to quantify the 
contribution of these six wildfires (April 6 to August 22) on particulate matter (PM2.5: diameter ≤ 2.5 μm) and 
ozone (O3) concentrations, as well as the associated health impacts from short-term exposure. We estimated that 
these six wildfires emitted 152 thousand tons of PM2.5 and 287 thousand tons of volatile organic compounds to 
the atmosphere. We estimated that the average daily wildfire smoke PM2.5 across New Mexico was 0.3 μg/m3, 
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though 1 h maximum exceeded 120 μg/m3 near Santa Fe. Average wildfire smoke maximum daily average 8-h O3 
(MDA8-O3) contribution was 0.2 ppb during the study period over New Mexico. However, over the state 1 h 
maximum smoke O3 exceeded 60 ppb in some locations near Santa Fe. Estimated all-cause excess mortality 
attributable to short term exposure to wildfire PM2.5 and MDA8-O3 from these six wildfires were 18 (95 % 
Confidence Interval (CI), 15–21) and 4 (95 % CI: 3–6) deaths. Additionally, we estimate that wildfire PM2.5 was 
responsible for 171 (95 %: 124–217) excess cases of asthma emergency department visits. Our findings under-
score the impact of wildfires on air quality and human health risks, which are anticipated to intensify with global 
warming, even as local anthropogenic emissions decline.   

1. Introduction 

Over the last forty years, the extent of areas burned by wildfires in 
the United States (US) has approximately quadrupled (Burke et al., 
2021). This escalation can be attributed to various contributing factors, 
notably the accumulation of fuels due to fire suppression practices 
spanning the past century, as well as a more recent surge in fuel aridity, 
a trend expected to persist as the climate continues to warm (Burke 
et al., 2021). The significant rise in wildfire activity has been accom-
panied by a substantial increase in the number of days of smoky air 
across the US (O’Dell et al., 2021). 

Wildfires contribute 10 to 30 % (yearly to daily) of atmospheric 
primary fine particulate matter (PM2.5) emissions in the US. Increasing 
emissions from wildfires have caused summertime PM2.5 levels to rise in 
the western US and have exposed millions of people to unhealthy or 
hazardous PM2.5 concentrations (150 to 650 μg/m3 for 24-h average) 
(Rooney et al., 2020). Childs et al. (2022) reported that wildfire smoke 
contributed to an average increase of up to 10 % in ambient PM2.5 
concentrations in the western US over the last decade. Many locations 
across the US are exposed to at least one day/year of highly polluted air 
quality conditions (e.g., PM2.5 above 100 μg/m3) due to wildfire smoke. 
From August to October 2020, western wildfires contributed 23 % of 
surface daily PM2.5 in the contiguous US (CONUS), with a larger 
contribution in the West Coast (43 %) and Mountain Regions (42 %) (Li 
et al., 2021). In California, wildfires contributed an average of over 70 % 
of total daily PM2.5 on days that exceeded federal regulatory standards, 
compared to an average of 12 % of total daily PM2.5 from 2004 to 2020 
(Aguilera et al., 2023; Liu et al., 2016). Compared to California, wildfires 
in New Mexico generally have a lesser impact on air quality, with annual 
average wildfire smoke PM2.5 concentrations ranging from 0 to 5 μg/m3 
during 2007–2018 (Zhang et al., 2023). However, during the Hermits 
Peak and Calf Canyon wildfires in 2022, the average hourly PM2.5 
concentration in Las Vegas, New Mexico surged to between 100 and 152 
μg/m3 on at least 12 occasions across five different days in April and 
May (IQAir, 2022). 

In the past, there has been a scarcity of studies exploring the influ-
ence of wildfires smoke on ozone (O3) and its impact on public health 
(Brey et al., 2018; Pratt et al., 2019). However, wildfires also have a 
substantial impact on regional summertime O3 concentrations in the 
western US due to their emissions of O3 precursors, such as volatile 
organic compounds (VOCs) and nitrogen oxides (NOx) (Koss et al., 
2018; Xu et al., 2021). According to Lu et al. (2016), one-third of 
summer days surpassing the National Ambient Air Quality Standard 
(NAAQS) for O3 in the western US are attributed, in part to wildfires (Lu 
et al., 2016). Wildfires plumes can travel thousands of kilometers and 
remain aloft for many days or over a week, causing increased ozone in 
downwind urban areas, with daily maximum 8-h average O3 concen-
trations (MDA8-O3 and NAAQS is 70 ppb) increasing as much as 5–40 
ppb on some days (Hu et al., 2008; Dreessen et al., 2016). O3 
enhancement rises as the plume ages, particularly when additional NOx, 
e.g., from anthropogenic emissions in urban areas, is added to smoke 
plumes [NOx (urban) + VOCs (wildfire) + (light and other factors) - >
O3 (urban)] (Jaffe et al., 2020; Jin et al., 2023). The reactive compounds 
like hydroxyl (OH) emitted and formed due to biomass fires drive O3 and 
organic aerosol formation, affecting both air quality and climate (Kumar 

et al., 2018). 
A challenge in understanding the broader impact of changing wild-

fire activity on air quality is the difficulty of accurately linking fire ac-
tivity to pollutant exposures in distant population centers (Johnson 
et al., 2020). Satellite-based smoke exposure measurements are 
increasingly available and are appealing because plume monitoring 
intuitively links source and receptor regions. Such data, however, 
cannot yet be used on their own to accurately estimate smoke density 
nor to separate surface-level smoke from smoke higher in the atmo-
spheric column, and thus they are difficult to use with existing expo-
sure–health response relationships (Brey et al., 2018; O’Dell et al., 
2019). Further, such observations do not include ground-level ozone. 
Chemical Transport Models (CTMs) like the Community Multiscale Air 
Quality Modeling System (CMAQ), which directly models the movement 
and evolution of wildfires emissions, offer an alternate approach for 
linking pollution to specific fire activity. Generating accurate exposure 
estimates from CTMs requires surmounting several major uncertainties 
in the pathway between source and receptor. Data fusion (DF) statistical 
models, which integrate observations with CTM simulations, can reduce 
the exposure uncertainty (Huang et al., 2019). 

Wildfires smoke is known to cause a substantial health burden given 
the well-established associations between PM2.5 and hospital admissions 
and premature mortality, particularly for cardiovascular and respiratory 
conditions (Clarke et al., 2023; Liu et al., 2015; Reid et al., 2016; 
Schollaert et al., 2023; Ye et al., 2022). Despite this, economic assess-
ments of wildfires impact often omit the health consequences of smoke 
pollution. These assessments typically concentrate on expenses related 
to fire-induced injuries, infrastructure damage, and fire suppression. 
Only a limited number of studies have endeavored to estimate the 
mortality and morbidity burden resulting from wildfires smoke exposure 
(Burke et al., 2021; Cascio, 2018; Johnston et al., 2020). However, 
conventional methods for determining the disease burden attributable 
to air pollution can be extended to evaluate the impacts of wildfires 
smoke on public health (Ford et al., 2018; Neumann et al., 2021; O’Dell 
et al., 2021). 

In New Mexico, the average size of wildfires has grown, and the total 
acreage burned in 2010–2019 was nearly double that burned in the 
previous decade. Furthermore, wildfires exceeding 1000 acres in size 
have been observed with greater frequency since the 1980s (MTBS, 
2023). The state’s two largest fires on record in 2022, the Calf Canyon/ 
Hermits Peak Fire and the Black Fire, burned areas that were 15 % and 9 
% larger, respectively, compared to the previously recorded largest 
wildfire, the Whitewater–Baldy Complex in 2012 (Johnston, 2023). 

Given the historical size of the 2022 wildfires in New Mexico and the 
overall trend toward larger wildfires in the western US, there is a 
compelling need to comprehensively assess the impacts of the 2022 
wildfires in New Mexico on air quality. Thus, our objective was to assess 
the effects of these wildfires on both regional and local PM2.5 and MDA8- 
O3 levels across the state. Additionally, to provide a comprehensive 
context, we utilized a standard health impact assessment approach to 
estimate the excess deaths attributable to the heightened levels of PM2.5 
and MDA8-O3 resulting from the wildfires. 
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2. Methods 

In 2022, New Mexico experienced 748 wildfires. In this study, we 
selected six of these based on the size of the burn area and their prox-
imity to populated areas (Fig. 1). These six wildfires accounted for 

811,000 acres of the burned area, approximately 90 % of the total burn 
area in New Mexico in 2022. These include the Calf Canyon/Hermits 
Peak Fire, Black Fire, Cerro Pelado, Cooks Peak Fire, Bear Trap, and Big 
Hole fires. The duration of these wildfires spanned from April 6 to 
August 22, 2022. Here, we designed a multistage modeling framework 

Fig. 1. The wildfire perimeters shown here represent the total area burned for each fire from April 6 to August 22, 2022, within our study domain in New Mexico, US. 
We presented the total number of fires detected during the study period by the Moderate Resolution Imaging Spectroradiometer (MODIS) aboard the Aqua and Terra 
satellites, as well as the Visible Infrared Imaging Radiometer Suite (VIIRS). 
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to quantify daily wildfires smoke PM2.5, MDA8-O3 and NO2 concentra-
tions: (a) daily wildfire burn areas are identified for each wildfire to 
estimate three-dimensional wildfire emissions using the BlueSky emis-
sion inventory framework; (b) wildfires emission impacts on air quality 
are calculated using the CMAQ (spatial resolution of 12 × 12 km2); (c) in 
the data-fusion step, we integrated CMAQ PM2.5, MDA8-O3 and NO2 
with daily observations at US Environmental Protection Agency 
(USEPA) air quality monitoring network data to generate an “adjusted 
wildfire impact”; and finally, (d) wildfire-specific PM2.5 and MDA8-O3 
were used to estimate the short-term health impact on a population of 
2.1 million in New Mexico in 2022, employing concentration-response 
functions (Fig. S1). 

2.1. Wildfire emissions 

The BlueSky smoke modeling framework integrates various models 
that characterize critical aspects of fire behavior including fire location, 
size, and type, and is used to characterize hourly emissions originating 
from wildfires (Larkin et al., 2009). Additionally, it incorporates models 
for fuel-related parameters such as fuel type, amount, consumption, 
speciated emissions, emissions dispersion, and emissions trajectories 
(AirFire Research Team, 2024). BlueSky utilizes data from the Weather 
Research and Forecasting (WRF) model to characterize smoke disper-
sion. Fuel load data are also essential inputs for BlueSky. For default 
values, BlueSky uses fuel types from the fuel characteristic classification 
system (FCCS), which has extensive data and maps on wildland fuels 
throughout the United States. We used every day burn area of the six 
wildfires as an input, along with gridded three-dimensional weather 
parameters in the BlueSky framework to estimate three-dimensional 
hourly wildfire emissions for CMAQ. Details about the overall 
modeling framework, the component models, and how they are linked 
together are described in Larkin et al. (2009) and its use in past studies 
(Li et al., 2023, Michael et al., 2023). 

2.2. CMAQ model configuration 

We simulated hourly PM2.5 and O3 concentration during the wildfire 
period (April 6 to August 22, 2022) in New Mexico using WRF coupled 
with Community Multiscale Air Quality Modeling System (CMAQ) 
(version 5.4). CMAQ is an atmospheric chemical transport model, con-
tains state-of-the-art parameterizations of atmospheric processes 
affecting the transport, transformation, and deposition of pollutant 
species at three-dimensional grid cells throughout the modeling do-
mains. Emissions include anthropogenic emissions based on the Na-
tional Emission Inventory (NEI) (USEPA, 2023), and wildfire emissions 
described above. Hourly emissions were prepared using the Sparse 
Matrix Operator Kernel Emissions (SMOKE) model (version 4.7). The 
SMOKE processing system is an advanced tool designed for air quality 
modeling that processes emissions data into formats suitable for CMAQ 
(Camilleri et al., 2023). SMOKE can process large datasets to deliver 
high-resolution emissions data tailored for specific modeling needs, 
thereby playing a critical role in air quality management and policy-
making (Arter et al., 2021). Emissions from the 2016 NEI inventories 
were processed using the USEPA 2016v1 platform (USEPA, 2021). 
Through SMOKE programs, we allocated the sectorized anthropogenic 
mobile, point, and area emissions into hourly speciated gridded emis-
sion rates fields as CMAQ-ready inputs, while biogenic (BEIS), lightning 
NOx and windblown dust emissions were calculated interactively within 
CMAQ. 

The modeling domain covers New Mexico and surrounding states at 
a 12 km × 12 km horizontal resolution, with 35 vertical levels extending 
up to 50 hPa. Contributions of wildfires between April 6 to August 22, 
2022, were calculated by simulating two scenarios: a baseline simula-
tion (s) with all emissions (CMAQs

all) and a second simulation in which 
wildfire emissions were not included (CMAQs

no− WF). This allowed us to 

quantify the impact from the wildfires (WF): 

ΔCMAQs
WF(x, t) = CMAQs

all(x, t) − CMAQs
no− WF(x, t) (1)  

where ΔCMAQs
WF is the simulated concentration associated with wild-

fire emissions, and x and t indicate variation in space and time, 
respectively. 

2.3. Data integration method 

Simulation results from CMAQ have potential errors related to un-
certainties in estimated emissions values, meteorological parameter 
data, and physical/chemical transport processes; hence, these simulated 
results differ from the results of field measurements. To reduce the 
model biases and error in the current study, we calibrated daily average 
and hourly maximum PM2.5 and MDA8-O3 results simulated by CMAQ 
using a data fusion (DF) approach (Friberg et al., 2016). For DF and 
model evaluation, we obtained ground measurements of ambient daily 
observations for PM2.5 and MDA8-O3 concentrations from the U.S. 
Environmental Protection Agency’s (USEPA) air quality system and used 
them as reference measurements. Eq. (2) reflects the regression model 
applied to produce optimized fused concentration fields CDF

all (x, t) by 
computing a weighted average with the weight depending on the spatial 
autocorrelation of observations and the correlation between observa-
tions and CMAQ simulations (Friberg et al., 2016): 

CDF
all (x, t) =

[

W(x, t)×
(

OBSm(t)
OBSm

)

krig
×FC(x)

]

+

[

(1 − W(x, t) )×CMAQs
all(x, t)×

(
FC(x)

CMAQs
all(x)

)

× β(t)
season

]

(2)  

where, 

FC(x) = αyear ×CMAQs
all(x)

β  

βseason(t) = e
A×cos

[
2π

365.25 (t − tmax)

]

The resulting product CDF
all (x, t) is a new fused-field that captures the 

temporal variations in local observations, as well as spatial variability in 
CMAQ simulations. Here, OBSm represents daily observations at each 
monitor (m), overbar indicates temporal averaging (annual), β is a 
parameter derived for all years, αyear is a regression parameter derived 
for each year and W is an average weighting factor for the study period. 
βseason is the seasonal correction function that was modeled as a smooth 
trigonometric function with two fitted parameters, amplitude (A) and 
day of peak correction (tmax). 

The ratio of fused PM2.5 and MDA8-O3 fields, and CMAQ-simulated 
PM2.5 and MDA8-O3, were multiplied by wildfire-contributed PM2.5 
and MDA8-O3 from CMAQ for each day and each grid cell to generate an 
‘adjusted wildfire impact’ (ΔCDF

WF(x, t)) as follows (Huang et al., 2019): 

ΔCDF
WF(x, t) = ΔCMAQs

WF(x, t)×
[
CDF

all (x, t)
/
CMAQs

all(x, t)
]

(3) 

A similar data integration approach using CMAQ-simulated data 
with aerosol optical depth (AOD), meteorological data, land-use data, 
and Hazard Mapping System (HMS) smoke plume height information 
has been previously used (Burke et al., 2021; Shaddick et al., 2018; 
Zhang et al., 2023). 

2.4. Estimates of short-term health impacts 

In this study, we estimated all-cause short-term premature deaths 
attributed to smoke PM2.5 and MDA8-O3 exposure, as well as asthma 
emergency department visit (AEDV) morbidity attributed to smoke 
PM2.5, using concentration-response functions (CRFs) describing the 
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relative risk dependency on the pollutant abundance by age and disease 
(Lou et al., 2023): 

ΔHIWF(t) =
∑{[

1 − e− CRF×ΔC
DF
WF (x,t)

]
×B0(t)×Pop

(
x , t)

}
(4)  

where ΔHIWF(t) is the cause-specific excess health impact due to wildfire 
smoke PM2.5 and MDA8-O3 exposure during the study period t; 
ΔCDF

WF(x, t) is the grid-level average air pollution contributed by wild-
fires, obtained from Eq. (3); B0(t) is the cause-specific baseline incidence 
rates provided in New Mexico and Pop(x,t) is the gridded exposed 
population. 

For all-cause mortality we used the CRFs recommended by Chen 
et al. (2021) for PM2.5 (derived for wildfire-PM2.5) and Bell et al. (2005) 
for O3 (derived from outdoor O3). For PM2.5, we used a CRF recom-
mended by Zanobetti and Schwartz (2009) as a sensitivity analysis. For 
AEDV we used a CRF from Stowell et al. (2019) derived for wildfire 
smoke exposure. Baseline rates for all-cause mortality for the age group 
≥25 years was obtained from the Global Burden of Disease (GBD) results 
tool (GBD, 2019), and baseline rates for AEDV was collected from New 
Mexico Department of Health report (NMDOH, 2021). We obtained the 
spatial distribution of the population in 2020 with a resolution of 1 km 
from the Gridded Population of the World (GPW) datasets (WorldPop, 
2023) and re-gridded it to our 12 km model resolution. The ratios of 
≥25 years old over the entire population was derived from the New 
Mexico state’s age structure data (USCB, 2023). 

3. Results 

The six selected wildfires burned a total of 0.81 million acres of forest 
land in 2022 in New Mexico, in which Calf Canyon/Hermits Peak Fire 
and Black Fire burned over 0.34 and 0.32 million acres of land, 
respectively. We estimated that these wildfires emitted 152 thousand 
tons of PM2.5, 287 thousand tons of VOCs, 997 thousand tons of carbon 
monoxide (CO), and 9 thousand tons of NOx. The details of each wildfire 
emission are reported in Supplementary Material. 

3.1. Assessing model performance 

We compared the simulated daily PM2.5 and MDA8-O3 concentra-
tions in CMAQ and data-fusion field with observational data, available 
from the EPA’s Air Quality System (AQS), between April 6 and August 
22, 2022. Evaluation of CMAQ indicated that the model generally 
underestimated PM2.5 by ~20 % (NME: 47 % and NMB: − 16 %) and 

overestimated MDA8-O3 by ~16 % (NME: 21 % and NMB: − 18 %) 
throughout the study period. This could be due to biases in emissions, 
model chemistry, and/or rapid artificial dilution of PM2.5. Significant 
correlations between data-fusion concentration and observations were 
found for both PM2.5 and MDA8-O3 with the R2 estimated at 0.59 
(RMSE: 2.76 μg/m3; NME: 22 %; NMB: − 1 %) and 0.58 (RMSE: 6.0 ppb; 
NME: 10 %; NMB: − 2 %), respectively (Fig. 2). R2 calculated at a 
monitor level was over 0.82 for PM2.5 (Fig. S4) and 0.85 for MDA8-O3 
(Fig. S5). Overall, good performance supports the analysis of the effects 
of emission changes from different sources on ambient air quality. This 
performance is above the performance of benchmark CTM-based PM2.5 
data generation (Table S4) (Emery et al., 2017). 

The data-fusion method performance was evaluated using a 
comprehensive 10-fold, 10 % data withholding cross-validation anal-
ysis. During the study period, observations were recorded at 20 moni-
tors. The number of withheld data points was 941 for PM2.5 and, 
correspondingly, 3240 for MDA8-O3. The cross-validation results across 
all monitors indicate that MDA8-O3 (R2 = 0.54, MB = − 2.0 ppb, RMSE 
= 4.52 ppb, NME = 9 %, NMB = -4 %) performed better compared to 
daily PM2.5 (R2 = 0.51, RMSE = 3.6 μg/m3, NME = 32 %, NMB = − 17 
%), and the results meet all the criteria and goals at all stages of cross- 
validation (Table S4) (Emery et al., 2017). 

3.2. Impacts of wildfires on air quality 

We observed wide spatial variability in wildfire-specific 24 h- 
average PM2.5 estimates across New Mexico counties in 2022 (Fig. S3). 
The average contribution of wildfire smoke to daily PM2.5 concentration 
across New Mexico from the six fires was 0.31 ± 0.24 μg/m3 (values 
averaged across all days in the study period), though in some locations 
the impact was as high as 1.21 μg/m3, which is a major fraction given 
the average ambient PM2.5 concentrations are low in New Mexico (~5 
μg/m3). During the study period, wildfires contributed >10 % to the 
daily averaged ambient PM2.5 concentrations on 22 % of the study days. 
Moreover, the highest daily maximum contribution of smoke exceeded 
20 % of the daily ambient PM2.5 concentration across the New Mexico 
domain during the study period. Daily average wildfire PM2.5 exceeded 
50 μg/m3 in some locations in New Mexico and 1 h-max wildfire smoke 
PM2.5 exceeded 120 μg/m3 in some grid cells near the Santa Fe region 
(Fig. 3). 

The average wildfire MDA8-O3 across New Mexico was 0.18 ± 0.29 
ppb, which is approximately 0.34 % of ambient MDA8-O3 during the 
study period in New Mexico. Counties near Santa Fe, like Mora, San 
Miguel, and Los Alamos experienced over 0.50 ppb wildfire MDA8-O3 

Fig. 2. Density scatterplots of model performance of daily observed and CMAQ-DF pollutant (a) PM2.5 and (b) MDA8-O3. The dotted line shows 1:1.  
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during the study period (1 % of ambient MDA8-O3). (Fig. S2). Daily 
wildfire MDA8-O3 exceeded 35 ppb in some regions in New Mexico; 
however, 1 h-max smoke O3 exceeded over 60 ppb in some grids near the 
Santa Fe region (Fig. 4). The build-up of O3 due to photochemical re-
actions takes several hours, and as a result, the highest levels of photo- 
oxidants can be expected some distance downwind of the sources. 

Employing the same methods described above, we observed that the 
contribution of wildfire smoke to NO2 levels was low, with the 
maximum daily average of smoke-related NO2 being only 0.8 μg/m3. 
Additionally, the maximum 1-h peak of smoke NO2 exceeded 5 μg/m3, 
but only over a small region (Fig. 5). High concentrations of pollution 
from wildfires were observed near the Calf Canyon/Hermits Peak Fire 
and Black Fire regions. 

3.3. Impacts of wildfires smoke on human health 

There are approximately 2.1 million people in New Mexico during 
the study period with average population-weighted exposure to PM2.5 
and MDA8-O3 from the six fires of 0.33 μg/m3 and 0.20 ppb. We 
calculated that short term exposure to PM2.5 during the study period 

resulted in 18 deaths (95 % CI: 15–21) using the CRF from Chen et al. 
(2021) and 7 deaths (95 % CI: 5–9) using the CRF from Zanobetti and 
Schwartz (2009). This represents, between 15 and 6 % of the excess 
deaths attributed to ambient PM2.5 (i.e., 122 deaths). Using all-source- 
specific concentration-response coefficients, the results showed 2.5 
times fewer premature deaths compared to the estimations using wild-
fire smoke PM2.5-specific concentration-response coefficients. For 
MDA8-O3, we estimated a total of 4 (95 % CI: 3–6) deaths and 171 (95 % 
CI: 124–217) AEDV (33 % cases among those <17). Wildfires smoke 
does not only affect local air quality; its impact encompasses vast sur-
rounding areas, thereby influencing the health of populations across 
these expansive regions. Emissions from the six fires were responsible 
for an additional 23 (5 %: 20–27), 13 (5 %: 11–15), 10 (5 %: 8–12) 
premature deaths in Texas, Colorado and Arizona, respectively, using 
the CRF from Chen et al. (2021). 

4. Discussion 

This study utilized a multistage modeling framework to estimate the 
largest wildfires burn impact on air quality and human health in New 

Fig. 3. Grid maximum daily average PM2.5 concentration (μg/m3) (left) and MDA8-O3 concentrations (ppb) (right) from the studied fires from April 6 to August 
22, 2022. 

Fig. 4. Grid maximum of 1-h maximum PM2.5 concentration (μg/m3) (left) and 1-h maximum O3 concentrations (ppb) (right) from the studied fires from April 6 to 
August 22, 2022. 
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Mexico in 2022, providing vital data in an area that is becoming 
increasingly important as wildfire frequency and intensity grow due to 
climate change. The BlueSky model framework was used to estimate 
wildfire emissions because BlueSky has a more advanced fuel classifi-
cation algorithm (Ottmar et al., 2007) and also contains a comprehen-
sive archive of emission factors for these fuels (Prichard et al., 2020). 
The data-fusion and the validation of model outputs against observed 
data enhance the credibility and robustness of the results. This meticu-
lous approach to data handling ensures that the study’s findings are 
well-supported and reliable. By quantifying the health impacts associ-
ated with wildfires smoke exposure, the study contributes valuable in-
formation to the public health field. However, the major uncertainties 
involved in this study include wildfire emission estimates, model per-
formance and the assumption of sources-specific pollutant toxicity for 
health risk assessment. 

Emission inventories play a crucial role in various modeling appli-
cations aimed at comprehending the impact of emissions on air quality, 
climate, and human health (Pouliot et al., 2020). Numerous global 
biomass burning emissions inventories have been developed and 
updated in recent decades. ‘Bottom-up’ inventories, like the Global Fire 
Emissions Database (GFED) and the Fire INventory from NCAR (FINN), 
rely on satellite data for burned areas and/or active fire detections. They 
incorporate factors such as fuel loads, combustion completeness, and 
other emissions factors to estimate fire emissions. On the other hand, 
‘top-down’ inventories, such as the Global Fire Assimilation System 
(GFAS), Quick Fire Emissions Database (QFED), and Fire Energetics and 
Emissions Research (FEER), utilize observations of fire radiative power 
to calculate emissions. Comparisons of different fire emissions in-
ventories have highlighted variability in the results, each with its own 
set of advantages and disadvantages (Faulstich et al., 2022). A large 
uncertainty in wildfire emissions inventories has been shown to lead to 
many-fold differences in wildfire-attributed PM2.5 concentrations across 
the US (> 20 × regional differences in high fire years) when different 
inventories are used as input to the same CTM (Carter et al., 2020; 
Koplitz et al., 2018). For instance, Koplitz et al. (2018) found that 
GFED4’s burned area estimates for June 2011 were 40 % higher than 
those of FINN. However, the average annual wildfires smoke PM2.5 in 
the CONUS was higher in FINN (0.33 μg/m3) than in GFED4 (0.12 μg/ 
m3), because of different emission factor used to estimate wildland fire 
emission. Furthermore, even FINN and GFED4 exhibit dissimilar sea-
sonal patterns (Larkin et al., 2020). Zhang et al. (2014) estimation 
indicate that for the same region and time period, wildfires smoke 
emissions of PM2.5 differ by factors of 2–4 on an annual basis and by 

8–12 for a given fire event across different emission inventories, and that 
could over/underestimate population exposures and therefore health 
outcomes. Several bottom-up and top-down fire emission inventories 
have reported that the black carbon (BC) and organic carbon (OC) 
emission estimates from the FINN emission inventory lie between those 
of the highest (i.e., FEER) and lowest (i.e., GFAS) top-down emission 
inventories, while the GFED bottom-up inventory tends to be biased 
toward the lower side (Kulkarni et al., 2020). Similar uncertainties were 
observed in the FINNv1, GFED4s, and GFAS emission inventories for 
Northern South America, where Ballesteros-González et al. (2020) re-
ported wildfire emissions of 0.06, 0.76, and 0.01 Tg of EC and 0.32, 
0.08, and 0.10 Tg of OC, respectively, in February 2018. Wildfires also 
burn structures that contain treated wood, plastics, paints, hazardous 
household wastes, vehicles and melt plastic water pipes. All these items 
release toxic gases and particles that are not considered in the emission 
inventories (US EPA, 2023). Despite concerted efforts, there remains an 
urgent need for burn severity and emissions inventories on a scale 
relevant to actionable management, such as fuel reduction treatments, 
and over longer temporal periods. Despite concerted efforts, there re-
mains an urgent need for burn severity and emissions inventories on a 
scale relevant to actionable management, such as fuel reduction treat-
ments, and over longer temporal periods. 

Our model performed well, explaining ~72 % and ~ 50 % of the 
variation in overall PM2.5 and MDA8-O3, respectively, at the study lo-
cations. Model performance appears to exceed the benchmark for CTM 
in the US, however this model performance was achieved after applying 
our data-fusion approach. Many CTM-based studies are simulated daily 
variation in PM2.5, however, numerous smoke-based CTM studies do not 
report performance evaluations or are not directly evaluated using the 
same monitoring stations over time (Pan et al., 2023). Wilkins et al. 
(2018) used CMAQ to estimate the contribution of wildfires smoke to 
total PM2.5 across the CONUS and estimated that wildfires PM2.5 
constituted 10.5 % of total PM2.5 over 2008–2012 and had an R2 be-
tween 0.37 and 0.42 and NME of42–48 %. A non-CTM based smoke 
model also shows similar performances over western North America (R2: 
0.44) (Burke et al., 2021). The performance of other smoke-based CTM, 
such as the WRF-Chem model, was found similar in Indonesia (R2 =

0.26, NMB = 47 %) (Kiely et al., 2020) and Australia (R2 = 0.28, NMB =
49 %) (Graham et al., 2021). We also find similar performance for PM2.5 
without data fusion (R2 = 0.33, NME: 47 %). The accuracy of CTM is 
hindered by imperfect characterization of complex fire chemistry, 
inaccurate height of emissions injections and emission inventories, and 
rapidly changing local meteorology surrounding fires (Kahn et al., 2008; 

Fig. 5. Grid maximum daily average NO2 concentration (μg/m3) (left) and 1-h maximum NO2 concentrations (ppb) (right) from the studied fires.  
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Rastigejev et al., 2010). To improve the model performance, data-fusion 
statistical models, which integrate ground observations with CTM sim-
ulations, have proven effective (Huang et al., 2019). For ground-level 
observed PM2.5, the increasing use of low-cost sensors offers a valu-
able supplement at remote location (Huang et al., 2021). For further 
improvement of the model performance, Zhang et al. (2023) used 
random forest (RF) to integrate ground observation from low-cost 
sensor, multi-angle implementation of atmospheric correction 
(MAIAC) aerosol optical depth (AOD), Terra and Aqua Moderate Reso-
lution Imaging Spectroradiometer (MODIS) cloud fraction, meteoro-
logical data, land use data and Hazard Mapping System (HMS) smoke 
plume (Zhang et al., 2023). 

The mortality in New Mexico state attributable to short-term expo-
sure (spanning a few days to few months) to wildfires PM2.5 varies 
depending on the chosen CRFs for PM2.5. Previous studies investigating 
the health effects of wildfires smoke did not employ an epidemiological 
study specifically developed for wildfire-related PM2.5. Instead, they 
utilized methods designed for ambient PM2.5, implicitly assuming that 
all PM2.5 components are equally toxic. However, Aguilera et al. (2023) 
reported that exposure to wildfires smoke could lead to a tenfold in-
crease in the risk of respiratory hospitalizations, relative to other PM2.5 
sources because of high content of BC and OC. Although, there is mixed 
evidence on the extent to which exposure to wildfires smoke has 
different health impacts than exposure to other PM2.5 sources. There is 
some evidence that different health endpoints are PM2.5 source-specific 
(Black et al., 2017; DeFlorio-Barker et al., 2019). Lou et al. (2023) also 
observed a significant difference in the outcomes of short-term all-cause 
premature deaths when using wildfire-specific and ambient-specific 
CRFs for PM2.5. Krewski et al.’s (2009) study (ambient-PM2.5) has 
been widely used to assess the wildfire PM2.5-attributed excess all-cause 
long-term mortality estimation. Using the same study, we estimated 57 
(95 % CI: 38–75) all-cause long-term premature deaths. Using Krewski 
et al. (2009) study, Pan et al. (2023) reported 13 premature deaths in 
New Mexico, with an average wildfire PM2.5 of 0.13 μg/m3 in 2014. Ma 
et al. (2023) reported that wildfires PM2.5 contributed to approximately 
1141 all-cause deaths per year in the contiguous US based on a wildfire- 
specific long-term concentration-response function (CRF). In contrast, 
O’Dell et al. (2021), Ford et al. (2018) and Pan et al. (2023) reported 
significantly higher figures for all-cause deaths/year, 6300, 21,000, and 
4000, respectively, based on CRFs specific to all sources of PM2.5. 
However, these studies not segregate wildfires from other type of fire 
like prescribed burning, and agricultural burning. O3 is a single-species 
pollutant, and we assume equal toxicity for both ambient O3 and 
wildfire-specific O3. Moreover, there are few epidemiological studies 
that specifically address the relationship between wildfire-specific O3 
and premature mortality or morbidity (Reid et al., 2019). Therefore, 
past studies used Bell et al. (2005) to estimate the short-term mortality 
associated with wildfire-MDA8-O3 exposure. For instance, Ballesteros- 
González et al. (2020) reported 83 short-term all-cause deaths linked to 
high wildfire-O3 levels (4.3 ppb) during February 2018 in Northern 
South America. Compounds such as benzenoids and isocyanic acid play 
a significant role in the toxicity of biomass burning smoke (Chandra and 
Sinha, 2016). Including these compounds could enhance the accuracy of 
our health impact assessments. 

As wildfire exposure is expected to increase in the future, it is 
essential to develop strategies that minimize adverse effects to ensure 
that wildfires do not detrimentally impact air quality and public health. 
At a minimum, forecasts of wildfire-related pollution must be commu-
nicated effectively to vulnerable populations. There is large uncertainty 
in the emissions inventories, with significant differences in emissions of 
elemental carbon, organic carbon, PM2.5, and gas-phase emissions as 
well. For a sensitivity analysis, it is important to examine pollution 
concentrations associated with different wildfire emission inventories to 
ensure more robust model performance. An increase in horizontal res-
olution in model grid-spacing may improve model performance; this 
needs to be examined in future studies (Ye et al., 2022). Despite having 

some uncertainty, this study – (1) reveals that increased exposure to 
wildfire smoke raises the risks of premature mortality and asthma ex-
acerbations. These findings highlight the urgent need for targeted public 
health advisories and emergency response strategies in New Mexico to 
mitigate these health risks. The exposure data can also aid epidemio-
logical studies to better understand the health outcomes of wildfire 
smoke; (2) contributes to evidence that climate change intensifies 
wildfires, significantly affecting air quality and human health. Our 
empirical data links wildfire smoke to air quality, providing insights to 
predict future trends and assess climate adaptation strategies; (3) ad-
vances understanding of how wildfire smoke impacts air quality and 
health, emphasizing the need for improved air quality management 
strategies. The findings advocate for stronger environmental health 
policies that incorporate wildfire threats in urban and rural planning. 

5. Conclusions 

This study has quantified the impacts of six major wildfires in New 
Mexico on daily average PM2.5 and maximum daily average 8 h ozone 
(MDA8-O3) concentrations and premature mortality. This study addi-
tionally presented the spatial distributions of fire-related grid-maximum 
daily average PM2.5 and MDA8-O3 during the study period. Peak impacts 
on PM2.5 and MDA8-O3 were as high as 50 μg/m3 and 35 ppb, respec-
tively. Daily 1 h-max smoke PM2.5 and O3 frequently exceeded 120 μg/ 
m3 and 60 ppb in some grid cells. The wildfires contributed an average 
of 7 % to the ambient PM2.5 levels across New Mexico, with a peak in the 
daily average impact exceeding 20 % of the ambient PM2.5. During the 
study period in New Mexico, the total estimated short-term all-cause 
deaths associated with wildfires amounted to 22 cases, comprising 18 
deaths related to PM2.5 and 4 deaths related to O3.Wildfires PM2.5, was 
calculated to be responsible for ~170 (95 %: 124–217) asthma emer-
gency department visits. This information is relevant for public health 
authorities, researchers, urban and regional planners, as well as the 
general public in New Mexico. The study indicates significant conse-
quences of wildfires, highlighting the need for effective measures to 
address potential adverse human health outcomes. 
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Valdés Ortega, N., Ryti, N.R.I., Scovronick, N., Matus, P., Goodman, P., Garland, R. 
M., Abrutzky, R., Garcia, S.O., Rao, S., Fratianni, S., Dang, T.N., Colistro, V., 
Huber, V., Lee, W., Seposo, X., Honda, Y., Guo, Y.L., Ye, T., Yu, W., Abramson, M.J., 
Samet, J.M., Li, S., 2021. Mortality risk attributable to wildfire-related PM2⋅5 
pollution: a global time series study in 749 locations. Lancet Planet Health 5, 
e579–e587. https://doi.org/10.1016/S2542-5196(21)00200-X. 

Childs, M.L., Li, J., Wen, J., Heft-Neal, S., Driscoll, A., Wang, S., Gould, C.F., Qiu, M., 
Burney, J., Burke, M., 2022. Daily local-level estimates of ambient wildfire smoke 

PM2.5 for the contiguous US. Environ. Sci. Technol. 56, 13607–13621. https://doi. 
org/10.1021/acs.est.2c02934. 

Clarke, H., Cirulis, B., Borchers-Arriagada, N., Bradstock, R., Price, O., Penman, T., 2023. 
Health costs of wildfire smoke to rise under climate change. NPJ Clim. Atmos. Sci. 6, 
102. https://doi.org/10.1038/s41612-023-00432-0. 

DeFlorio-Barker, S., Crooks, J., Reyes, J., Rappold, A.G., 2019. Cardiopulmonary effects 
of fine particulate matter exposure among older adults, during wildfire and non- 
wildfire periods, in the United States 2008–2010. Environ. Health Perspect. 127 
https://doi.org/10.1289/EHP3860. 

Dreessen, J., Sullivan, J., Delgado, R., 2016. Observations and impacts of transported 
Canadian wildfire smoke on ozone and aerosol air quality in the Maryland region on 
June 9–12, 2015. J. Air Waste Manage. Assoc. 66, 842–862. https://doi.org/ 
10.1080/10962247.2016.1161674. 

Emery, C., Liu, Z., Russell, A.G., Odman, M.T., Yarwood, G., Kumar, N., 2017. 
Recommendations on statistics and benchmarks to assess photochemical model 
performance. J. Air Waste Manage. Assoc. 67, 582–598. https://doi.org/10.1080/ 
10962247.2016.1265027. 

Faulstich, S.D., Schissler, A.G., Strickland, M.J., Holmes, H.A., 2022. Statistical 
comparison and assessment of four fire emissions inventories for 2013 and a large 
wildfire in the Western United States. Fire 5, 27. https://doi.org/10.3390/ 
fire5010027. 

Ford, B., Val Martin, M., Zelasky, S.E., Fischer, E.V., Anenberg, S.C., Heald, C.L., 
Pierce, J.R., 2018. Future fire impacts on smoke concentrations, visibility, and health 
in the contiguous United States. Geohealth 2, 229–247. https://doi.org/10.1029/ 
2018GH000144. 

Friberg, M.D., Zhai, X., Holmes, H.A., Chang, H.H., Strickland, M.J., Sarnat, S.E., 
Tolbert, P.E., Russell, A.G., Mulholland, J.A., 2016. Method for fusing observational 
data and chemical transport model simulations to estimate spatiotemporally 
resolved ambient air pollution. Environ. Sci. Technol. 50, 3695–3705. https://doi. 
org/10.1021/acs.est.5b05134. 

GBD, 2019. IHME Data: GBD Results Tool. GHDx. URL. http://ghdx.healthdata. 
org/gbd-results-tool. 

Graham, A.M., Pringle, K.J., Pope, R.J., Arnold, S.R., Conibear, L.A., Burns, H., Rigby, R., 
Borchers-Arriagada, N., Butt, E.W., Kiely, L., Reddington, C., Spracklen, D.V., 
Woodhouse, M.T., Knote, C., McQuaid, J.B., 2021. Impact of the 2019/2020 
Australian Megafires on air quality and health. Geohealth 5. https://doi.org/ 
10.1029/2021GH000454. 

Hu, Y., Odman, M.T., Chang, M.E., Jackson, W., Lee, S., Edgerton, E.S., Baumann, K., 
Russell, A.G., 2008. Simulation of air quality impacts from prescribed fires on an 
urban area. Environ. Sci. Technol. 42, 3676–3682. https://doi.org/10.1021/ 
es071703k. 

Huang, R., Hu, Y., Russell, A.G., Mulholland, J.A., Odman, M.T., 2019. The impacts of 
prescribed fire on PM2.5 air quality and human health: application to asthma-related 
emergency room visits in Georgia, USA. Int. J. Environ. Res. Public Health 16, 2312. 
https://doi.org/10.3390/ijerph16132312. 

Huang, R., Lal, R., Qin, M., Hu, Y., Russell, A.G., Odman, M.T., Afrin, S., Garcia- 
Menendez, F., O’Neill, S.M., 2021. Application and evaluation of a low-cost PM 
sensor and data fusion with CMAQ simulations to quantify the impacts of prescribed 
burning on air quality in southwestern Georgia, USA. J. Air Waste Manage. Assoc. 
71, 815–829. https://doi.org/10.1080/10962247.2021.1924311. 

IQAir, 2022. Clearing the air on New Mexico’s wildfire smoke. IQAir. URL. https://www. 
iqair.com/us/newsroom/2022-new-mexico-wildfires (accessed 1.31.24).  

Jaffe, D.A., O’Neill, S.M., Larkin, N.K., Holder, A.L., Peterson, D.L., Halofsky, J.E., 
Rappold, A.G., 2020. Wildfire and prescribed burning impacts on air quality in the 
United States. J. Air Waste Manage. Assoc. 70, 583–615. https://doi.org/10.1080/ 
10962247.2020.1749731. 

Jin, L., Permar, W., Selimovic, V., Ketcherside, D., Yokelson, R.J., Hornbrook, R.S., 
Apel, E.C., Ku, I.-T., Collett Jr., J.L., Sullivan, A.P., Jaffe, D.A., Pierce, J.R., Fried, A., 
Coggon, M.M., Gkatzelis, G.I., Warneke, C., Fischer, E.V., Hu, L., 2023. Constraining 
emissions of volatile organic compounds from western US wildfires with WE-CAN 
and FIREX-AQ airborne observations. Atmos. Chem. Phys. 23, 5969–5991. https:// 
doi.org/10.5194/acp-23-5969-2023. 

Johnson, A.L., Abramson, M.J., Dennekamp, M., Williamson, G.J., Guo, Y., 2020. 
Particulate matter modelling techniques for epidemiological studies of open biomass 
fire smoke exposure: a review. Air Qual. Atmos. Health 13, 35–75. https://doi.org/ 
10.1007/s11869-019-00771-z. 

Johnston, Robert, 2023. New Mexico wildfires: data [WWW Document]. URL. https:// 
www.johnstonsarchive.net/other/newmexicowildfires.html (accessed 2.8.24).  

Johnston, F.H., Borchers-Arriagada, N., Morgan, G.G., Jalaludin, B., Palmer, A.J., 
Williamson, G.J., Bowman, D.M.J.S., 2020. Unprecedented health costs of smoke- 
related PM2.5 from the 2019–20 Australian megafires. Nat. Sustain. 4, 42–47. 
https://doi.org/10.1038/s41893-020-00610-5. 

Kahn, R.A., Chen, Y., Nelson, D.L., Leung, F.-Y., Li, Q., Diner, D.J., Logan, J.A., 2008. 
Wildfire smoke injection heights: two perspectives from space. Geophys. Res. Lett. 
35, L04809. https://doi.org/10.1029/2007GL032165. 

Kiely, L., Spracklen, D.V., Wiedinmyer, C., Conibear, L., Reddington, C.L., Arnold, S.R., 
Knote, C., Khan, M.F., Latif, M.T., Syaufina, L., Adrianto, H.A., 2020. Air quality and 
health impacts of vegetation and peat fires in equatorial Asia during 2004–2015. 
Environ. Res. Lett. 15, 094054 https://doi.org/10.1088/1748-9326/ab9a6c. 

Koplitz, S.N., Nolte, C.G., Pouliot, G.A., Vukovich, J.M., Beidler, J., 2018. Influence of 
uncertainties in burned area estimates on modeled wildland fire PM2.5 and ozone 
pollution in the contiguous U.S. Atmos. Environ. 191, 328–339. https://doi.org/ 
10.1016/j.atmosenv.2018.08.020. 

Koss, A.R., Sekimoto, K., Gilman, J.B., Selimovic, V., Coggon, M.M., Zarzana, K.J., 
Yuan, B., Lerner, B.M., Brown, S.S., Jimenez, J.L., Krechmer, J., Roberts, J.M., 
Warneke, C., Yokelson, R.J., de Gouw, J., 2018. Non-methane organic gas emissions 

K.J. Maji et al.                                                                                                                                                                                                                                  

https://doi.org/10.1016/j.scitotenv.2024.174197
https://doi.org/10.1016/j.scitotenv.2024.174197
https://doi.org/10.1016/j.envint.2022.107719
https://doi.org/10.1016/j.envint.2022.107719
https://www.airfire.org/data/bluesky
https://www.airfire.org/data/bluesky
https://doi.org/10.1088/1748-9326/abf60b
https://doi.org/10.1088/1748-9326/abf60b
https://doi.org/10.1016/j.scitotenv.2020.139755
https://doi.org/10.1016/j.scitotenv.2020.139755
https://doi.org/10.1097/01.ede.0000165817.40152.85
https://doi.org/10.1097/01.ede.0000165817.40152.85
https://doi.org/10.1016/j.etap.2017.08.022
https://doi.org/10.1016/j.etap.2017.08.022
https://doi.org/10.5194/acp-18-1745-2018
https://doi.org/10.5194/acp-18-1745-2018
https://doi.org/10.1073/pnas.2011048118
https://doi.org/10.1073/pnas.2011048118
https://doi.org/10.1038/s41893-023-01219-0
https://doi.org/10.1038/s41893-023-01219-0
https://doi.org/10.5194/acp-20-2073-2020
https://doi.org/10.5194/acp-20-2073-2020
https://doi.org/10.1016/j.scitotenv.2017.12.086
https://doi.org/10.1016/j.envint.2015.12.025
https://doi.org/10.1016/j.envint.2015.12.025
https://doi.org/10.1016/S2542-5196(21)00200-X
https://doi.org/10.1021/acs.est.2c02934
https://doi.org/10.1021/acs.est.2c02934
https://doi.org/10.1038/s41612-023-00432-0
https://doi.org/10.1289/EHP3860
https://doi.org/10.1080/10962247.2016.1161674
https://doi.org/10.1080/10962247.2016.1161674
https://doi.org/10.1080/10962247.2016.1265027
https://doi.org/10.1080/10962247.2016.1265027
https://doi.org/10.3390/fire5010027
https://doi.org/10.3390/fire5010027
https://doi.org/10.1029/2018GH000144
https://doi.org/10.1029/2018GH000144
https://doi.org/10.1021/acs.est.5b05134
https://doi.org/10.1021/acs.est.5b05134
http://ghdx.healthdata.org/gbd-results-tool
http://ghdx.healthdata.org/gbd-results-tool
https://doi.org/10.1029/2021GH000454
https://doi.org/10.1029/2021GH000454
https://doi.org/10.1021/es071703k
https://doi.org/10.1021/es071703k
https://doi.org/10.3390/ijerph16132312
https://doi.org/10.1080/10962247.2021.1924311
https://www.iqair.com/us/newsroom/2022-new-mexico-wildfires
https://www.iqair.com/us/newsroom/2022-new-mexico-wildfires
https://doi.org/10.1080/10962247.2020.1749731
https://doi.org/10.1080/10962247.2020.1749731
https://doi.org/10.5194/acp-23-5969-2023
https://doi.org/10.5194/acp-23-5969-2023
https://doi.org/10.1007/s11869-019-00771-z
https://doi.org/10.1007/s11869-019-00771-z
https://www.johnstonsarchive.net/other/newmexicowildfires.html
https://www.johnstonsarchive.net/other/newmexicowildfires.html
https://doi.org/10.1038/s41893-020-00610-5
https://doi.org/10.1029/2007GL032165
https://doi.org/10.1088/1748-9326/ab9a6c
https://doi.org/10.1016/j.atmosenv.2018.08.020
https://doi.org/10.1016/j.atmosenv.2018.08.020


Science of the Total Environment 946 (2024) 174197

10

from biomass burning: identification, quantification, and emission factors from PTR- 
ToF during the FIREX 2016 laboratory experiment. Atmos. Chem. Phys. 18, 
3299–3319. https://doi.org/10.5194/acp-18-3299-2018. 

Krewski, D., Jerrett, M., Burnett, R.T., Ma, R., Hughes, E., Shi, Y., Turner, M.C., Pope, C. 
A., Thurston, G., Calle, E.E., Thun, M.J., Beckerman, B., DeLuca, P., Finkelstein, N., 
Ito, K., Moore, D.K., Newbold, K.B., Ramsay, T., Ross, Z., Shin, H., Tempalski, B., 
2009. Extended follow-up and spatial analysis of the American Cancer Society study 
linking particulate air pollution and mortality. Res Rep Health Eff Inst 5–114 
(discussion 115-36).  

Kulkarni, S.H., Ghude, S.D., Jena, C., Karumuri, R.K., Sinha, B., Sinha, V., Kumar, R., 
Soni, V.K., Khare, M., 2020. How much does large-scale crop residue burning affect 
the air quality in Delhi? Environ. Sci. Technol. 54, 4790–4799. https://doi.org/ 
10.1021/acs.est.0c00329. 

Kumar, V., Chandra, B.P., Sinha, V., 2018. Large unexplained suite of chemically reactive 
compounds present in ambient air due to biomass fires. Sci. Rep. 8, 626. https://doi. 
org/10.1038/s41598-017-19139-3. 

Larkin, N.K., O’Neill, S.M., Solomon, R., Raffuse, S., Strand, T., Sullivan, D.C., Krull, C., 
Rorig, M., Peterson, J., Ferguson, S.A., 2009. The BlueSky smoke modeling 
framework. Int. J. Wildland Fire 18, 906. https://doi.org/10.1071/WF07086. 

Larkin, N.K., Raffuse, S.M., Huang, S., Pavlovic, N., Lahm, P., Rao, V., 2020. The 
comprehensive fire information reconciled emissions (CFIRE) inventory: wildland 
fire emissions developed for the 2011 and 2014 U.S. National Emissions Inventory. 
J. Air Waste Manage. Assoc. 70, 1165–1185. https://doi.org/10.1080/ 
10962247.2020.1802365. 

Li, Y., Tong, D., Ma, S., Zhang, X., Kondragunta, S., Li, F., Saylor, R., 2021. Dominance of 
wildfires impact on air quality exceedances during the 2020 record-breaking wildfire 
season in the United States. Geophys. Res. Lett. 48 https://doi.org/10.1029/ 
2021GL094908. 

Li, Z., Maji, K.J., Hu, Y., Vaidyanathan, A., O’Neill, S.M., Odman, M.T., Russell, A.G., 
2023. An analysis of prescribed fire activities and emissions in the southeastern 
United States from 2013 to 2020. Remote Sens. (Basel) 15, 2725. https://doi.org/ 
10.3390/rs15112725. 

Liu, J.C., Pereira, G., Uhl, S.A., Bravo, M.A., Bell, M.L., 2015. A systematic review of the 
physical health impacts from non-occupational exposure to wildfire smoke. Environ. 
Res. 136, 120–132. https://doi.org/10.1016/j.envres.2014.10.015. 

Liu, J.C., Mickley, L.J., Sulprizio, M.P., Dominici, F., Yue, X., Ebisu, K., Anderson, G.B., 
Khan, R.F.A., Bravo, M.A., Bell, M.L., 2016. Particulate air pollution from wildfires 
in the Western US under climate change. Clim. Change 138, 655–666. https://doi. 
org/10.1007/s10584-016-1762-6. 

Lou, S., Liu, Y., Bai, Y., Li, F., Lin, G., Xu, L., Liu, Z., Chen, Y., Dong, X., Zhao, M., 
Wang, L., Jin, M., Wang, C., Cai, W., Gong, P., Luo, Y., 2023. Projections of mortality 
risk attributable to short-term exposure to landscape fire smoke in China, 
2021–2100: a health impact assessment study. Lancet Planet Health 7, e841–e849. 
https://doi.org/10.1016/S2542-5196(23)00192-4. 

Lu, X., Zhang, L., Yue, X., Zhang, J., Jaffe, D.A., Stohl, A., Zhao, Y., Shao, J., 2016. 
Wildfire influences on the variability and trend of summer surface ozone in the 
mountainous western United States. Atmos. Chem. Phys. 16, 14687–14702. https:// 
doi.org/10.5194/acp-16-14687-2016. 

Ma, Y., Zang, E., Liu, Y., Lu, Y., Krumholz, H.M., Bell, M.L., Chen, K., 2023. Wildfire 
smoke PM2.5 and mortality in the contiguous United States. medRxiv. https://doi. 
org/10.1101/2023.01.31.23285059. 

Michael, R., Mirabelli, M.C., Vaidyanathan, A., 2023. Public health applications of 
historical smoke forecasts: an evaluation of archived BlueSky data for the 
coterminous United States, 2015–2018. Comput. Geosci. 171, 105267 https://doi. 
org/10.1016/j.cageo.2022.105267. 

MTBS, 2023. Monitoring Trends in Burn Severity (MTBS). URL. https://www.mtbs.gov/ 
(accessed 1.8.24).  

Neumann, J.E., Amend, M., Anenberg, S., Kinney, P.L., Sarofim, M., Martinich, J., 
Lukens, J., Xu, J.-W., Roman, H., 2021. Estimating PM2.5-related premature 
mortality and morbidity associated with future wildfire emissions in the western US. 
Environ. Res. Lett. 16, 035019 https://doi.org/10.1088/1748-9326/abe82b. 

NMDOH, 2021. Clearing the Air Reducing the Burden of Asthma in New Mexico. URL. 
https://www.nmhealth.org/publication/view/plan/6655/#:~:text=Asthma%20is 
%20one%20of%20the,across%20certain%20New%20Mexico%20populations 
(accessed 12.31.23).  

O’Dell, K., Ford, B., Fischer, E.V., Pierce, J.R., 2019. Contribution of wildland-fire smoke 
to US PM 2.5 and its influence on recent trends. Environ. Sci. Technol. 53, 
1797–1804. https://doi.org/10.1021/acs.est.8b05430. 

O’Dell, K., Bilsback, K., Ford, B., Martenies, S.E., Magzamen, S., Fischer, E.V., Pierce, J. 
R., 2021. Estimated mortality and morbidity attributable to smoke plumes in the 
United States: not just a Western US problem. Geohealth 5. https://doi.org/10.1029/ 
2021GH000457. 

Ottmar, R.D., Sandberg, D.V., Riccardi, C.L., Prichard, S.J., 2007. An overview of the fuel 
characteristic classification system — quantifying, classifying, and creating fuelbeds 
for resource planningThis article is one of a selection of papers published in the 
special forum on the fuel characteristic classification system. Can. J. For. Res. 37, 
2383–2393. https://doi.org/10.1139/X07-077. 

Pan, S., Gan, L., Jung, J., Yu, W., Roy, A., Diao, L., Jeon, W., Souri, A.H., Gao, H.O., 
Choi, Y., 2023. Quantifying the premature mortality and economic loss from 

wildfire-induced PM2.5 in the contiguous U.S. Sci. Total Environ. 875, 162614 
https://doi.org/10.1016/j.scitotenv.2023.162614. 

Pouliot, G., Foley, K., Beidler, J., Vukovich, J., Baker, K., 2020. Multi-Year Reanalysis of 
EPA’s Fire Emissions Inventory, 19th Annual CMAS Conference, Oct 28, 2020, 
(virtual). Presentation link: https://www.cmascenter.org/conference/2020/slides/ 
Pouliot_CMAS2020_EQUATES-fireEmissions.pdf. 

Pratt, J.R., Gan, R.W., Ford, B., Brey, S., Pierce, J.R., Fischer, E.V., Magzamen, S., 2019. 
A national burden assessment of estimated pediatric asthma emergency department 
visits that may be attributed to elevated ozone levels associated with the presence of 
smoke. Environ. Monit. Assess. 191, 269. https://doi.org/10.1007/s10661-019- 
7420-5. 

Prichard, S.J., O’Neill, S.M., Eagle, P., Andreu, A.G., Drye, B., Dubowy, J., Urbanski, S., 
Strand, T.M., 2020. Wildland fire emission factors in North America: synthesis of 
existing data, measurement needs and management applications. Int. J. Wildland 
Fire 29, 132. https://doi.org/10.1071/WF19066. 

Rastigejev, Y., Park, R., Brenner, M.P., Jacob, D.J., 2010. Resolving intercontinental 
pollution plumes in global models of atmospheric transport. J. Geophys. Res. 115, 
D02302. https://doi.org/10.1029/2009JD012568. 

Reid, C.E., Brauer, M., Johnston, F.H., Jerrett, M., Balmes, J.R., Elliott, C.T., 2016. 
Critical review of health impacts of wildfire smoke exposure. Environ. Health 
Perspect. 124, 1334–1343. https://doi.org/10.1289/ehp.1409277. 

Reid, C.E., Considine, E.M., Watson, G.L., Telesca, D., Pfister, G.G., Jerrett, M., 2019. 
Associations between respiratory health and ozone and fine particulate matter 
during a wildfire event. Environ. Int. 129, 291–298. https://doi.org/10.1016/j. 
envint.2019.04.033. 

Rooney, B., Wang, Y., Jiang, J.H., Zhao, B., Zeng, Z.-C., Seinfeld, J.H., 2020. Air quality 
impact of the northern California camp fire of November 2018. Atmos. Chem. Phys. 
20, 14597–14616. https://doi.org/10.5194/acp-20-14597-2020. 

Schollaert, C.L., Jung, J., Wilkins, J., Alvarado, E., Baumgartner, J., Brun, J., Busch 
Isaksen, T., Lydersen, J.M., Marlier, M.E., Marshall, J.D., Masuda, Y.J., Maxwell, C., 
Tessum, C.W., Wilson, K.N., Wolff, N.H., Spector, J.T., 2023. Quantifying the smoke- 
related public health trade-offs of forest management. Nat. Sustain. https://doi.org/ 
10.1038/s41893-023-01253-y. 

Shaddick, G., Thomas, M.L., Amini, H., Broday, D., Cohen, A., Frostad, J., Green, A., 
Gumy, S., Liu, Y., Martin, R.V., Pruss-Ustun, A., Simpson, D., van Donkelaar, A., 
Brauer, M., 2018. Data integration for the assessment of population exposure to 
ambient air pollution for global burden of disease assessment. Environ. Sci. Technol. 
52, 9069–9078. https://doi.org/10.1021/acs.est.8b02864. 

Stowell, J.D., Geng, G., Saikawa, E., Chang, H.H., Fu, J., Yang, C.-E., Zhu, Q., Liu, Y., 
Strickland, M.J., 2019. Associations of wildfire smoke PM2.5 exposure with 
cardiorespiratory events in Colorado 2011–2014. Environ. Int. 133, 105151 https:// 
doi.org/10.1016/j.envint.2019.105151. 

US EPA, 2023. Wildland Fire, Air Quality, and Public Health Considerations Fact Sheet. 
USCB, 2023. United States Census Bureau: State New Mexico. https://data.census.gov/p 

rofile/New_Mexico?g=040XX00US35. 
USEPA, 2021. 2016v1 Platform. URL. https://gaftp.epa.gov/Air/emismod/2016/v1/ 

(accessed 10.8.24).  
Wilkins, J.L., Pouliot, G., Foley, K., Appel, W., Pierce, T., 2018. The impact of US 

wildland fires on ozone and particulate matter: a comparison of measurements and 
CMAQ model predictions from 2008 to 2012. Int. J. Wildland Fire 27, 684. https:// 
doi.org/10.1071/WF18053. 

WorldPop, 2023. Open Spatial Demographic Data and Research [WWW Document]. 
URL. https://www.worldpop.org/ (accessed 12.31.23).  

Xu, L., Crounse, J.D., Vasquez, K.T., Allen, H., Wennberg, P.O., Bourgeois, I., Brown, S.S., 
Campuzano-Jost, P., Coggon, M.M., Crawford, J.H., DiGangi, J.P., Diskin, G.S., 
Fried, A., Gargulinski, E.M., Gilman, J.B., Gkatzelis, G.I., Guo, H., Hair, J.W., Hall, S. 
R., Halliday, H.A., Hanisco, T.F., Hannun, R.A., Holmes, C.D., Huey, L.G., Jimenez, J. 
L., Lamplugh, A., Lee, Y.R., Liao, J., Lindaas, J., Neuman, J.A., Nowak, J.B., 
Peischl, J., Peterson, D.A., Piel, F., Richter, D., Rickly, P.S., Robinson, M.A., 
Rollins, A.W., Ryerson, T.B., Sekimoto, K., Selimovic, V., Shingler, T., Soja, A.J., St. 
Clair, J.M., Tanner, D.J., Ullmann, K., Veres, P.R., Walega, J., Warneke, C., 
Washenfelder, R.A., Weibring, P., Wisthaler, A., Wolfe, G.M., Womack, C.C., 
Yokelson, R.J., 2021. Ozone chemistry in western U.S. wildfire plumes. Sci. Adv. 7 
https://doi.org/10.1126/sciadv.abl3648. 

Ye, T., Xu, R., Yue, X., Chen, G., Yu, P., Coêlho, M.S.Z.S., Saldiva, P.H.N., Abramson, M. 
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