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Abstract

Wildfire smoke is an increasing threat to air quality and public health in the United States, affect-
ing population exposure to multiple air pollutants, including ground-level ozone (Og). Most prior
studies have focused on smoke fine particulate matter (PMy5), but how smoke affects surface O3
concentrations at a population scale is less well characterized. Much less is known about how smoke
O3 impacts the Air Quality Index (AQI) in comparison to smoke PMj 5, or what this implies for reg-
ulatory attainment and population exposure. Here we quantify daily Og concentrations attributable
to wildfire smoke (i.e., smoke O3) across the contiguous U.S. from 2006 to 2023, using ensemble
machine learning models that isolate the smoke contribution from meteorological variability. Smoke
O3 enhancement is widespread across all states, with the Midwest experiencing the largest increases.
Wildfire smoke placed an additional 29 million people each year in areas exceeding the federal Os
standard, and lengthened extreme O3 episodes by 2.6 days on average. Smoke was responsible for
62.5% of person-days with unhealthy Og levels (defined as Og sub-index > 100) during 2021-2023.
When smoke pushed the AQI into a worse category above 100, O3 rather than PMs 5 was the main
pollutant 71.3% of the time. Smoke O3 and smoke PMs 5 are only weakly correlated and exhibit
an inverted U-shaped relationship with substantial regional heterogeneity. Our results show that
wildfire smoke is an increasingly important source of O3 exposure and unhealthy air quality days,

and that assessments based on PMy 5 alone understate its air quality and health burden.

Significance Statement

Wildfire smoke threatens air quality and human health, but research on smoke exposure has focused
largely on fine particulate matter (PMs5), with less attention to ground-level ozone (Og). Using
ensemble machine learning models trained on surface observations, we estimate daily smoke-driven
O3 across the contiguous United States, 2006—2023. Wildfire smoke has placed millions of additional
people each year in areas exceeding the federal O3 standard. In recent years, smoke has accounted
for over 60% of days with unhealthy Og levels. On the poor air quality days caused by smoke, Og
rather than PMs 5 was the main pollutant more than 70% of the time. Health assessments and

smoke advisories based on PMs 5 alone therefore understate the burden of wildfire smoke.
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Introduction

Increased wildfire activity across North America has led to a sharp rise in smoke pollution in the
United States (1—4 ), which is becoming one of the most important health risk factors affecting U.S.
populations (5, 6). Exposure to wildfire smoke has been linked to emergency department visits
for respiratory and cardiovascular disease (7-9), mental health conditions (10), and premature
mortality (17-14). Quantifying these impacts at the population scale requires spatially complete
exposure estimates at high resolution, going beyond the sparse coverage of surface monitoring
network (15). Several gridded wildfire smoke exposure datasets have been developed for this purpose
in the U.S. and globally (2, 16—19). These datasets have supported research on health impacts
and population exposure to wildfire smoke. Nearly all of this work, however, characterizes wildfire
smoke through fine particulate matter (PMs5) alone. Because different pollutants form through
different pathways and may not be closely correlated, a single-pollutant view may give an incomplete
picture of the health risks and regulatory consequences of wildfire smoke. This is particularly true
for ground-level ozone (O3), a criteria pollutant regulated under the National Ambient Air Quality
Standards (NAAQS), due to the large impacts from wildfires and the distinct formation pathway
(20-22).

Wildfires can impact ground-level O3 through emissions of precursor species (23—25), long-range
transport (26, 27), and radiative and chemical effects from smoke aerosols (28, 29), with the net
effect varying across space and time depending on the local chemical environment and meteorological
conditions (20, 21, 30-32). Recent studies suggest that the wildfire impacts on O3 are substantial
and growing in the U.S. However, existing research has mostly quantified smoke contributions to
ground-level O3 over monitoring locations across the U.S. (22, 27, 33—36), or has developed gridded
smoke Oz data at local or regional scales (37, 38). Xu et al. constructed a global gridded smoke
O3 dataset for 2000-2019, yet the smoke contribution is estimated from a global model which may
not apply to the U.S. (39). In a recent paper, Deng et al. generated a 1-km gridded dataset of
total Oz concentrations across U.S. and estimated the wildfire smoke contribution in two ways:
by excluding days and locations with anomalously high modeled carbon monoxide, or by scaling
predicted Os by the fire fraction simulated in a chemical transport model (15). Using this dataset,
they found that the long-term decline in total Os reversed after 2015, attributed to increasing fire
emissions. However, excluding fire-affected days cannot separate smoke Os from other contributing

factors such as co-varying meteorological conditions. Also, no study has compared smoke O3z and
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smoke PMjy 5 contributions to air quality and health at the national scale.

Quantifying wildfire influences on population exposure to O3 requires overcoming several method-
ological challenges that have been identified in the existing literature. Two general approaches have
been used to estimate wildfire smoke contributions to air pollution and population exposure. The
first relies on process-based chemical transport models (CTMs) driven by fire emissions inventories
to simulate smoke pollutant concentrations (40, 41). The second uses statistical or machine learning
(ML) methods that relate surface observations to smoke indicators, remotely sensed atmospheric
composition, fire, and meteorological predictors (2, 16—18). Both approaches face important lim-
itations for smoke Ojs estimations. CTMs are subject to high uncertainty in wildfire emissions
inventories (41, 42), and often rely on chemical mechanisms that may not adequately capture Os
formation in smoke plumes (43). ML approaches can more closely reproduce observed surface pol-
lution during smoke events, but may perform less well in areas with sparse monitoring coverage
and may miss the impacts of diffuse smoke altogether (44). For ML approaches, accounting for
meteorological conditions on smoke days is particularly important for O3, as smoke days tend to
have higher temperatures and greater UV radiation that separately promote O3 formation (22).

In this study, we quantify wildfire smoke impacts on surface Os at daily and 10 km resolution
across the contiguous U.S. from 2006 to 2023. To leverage the strengths of observation-based ap-
proaches while accounting for the meteorological confounding identified above, we train two sets
of ensemble ML models (Figure 1): (1) a smoke model that predicts Maximum Daily 8-hour Av-
erage (MDAS) O3 on smoke days, and (2) a non-smoke model that estimates counterfactual O3
concentrations under the same meteorological conditions but in the absence of fire smoke. Smoke
days are identified using satellite-derived smoke plumes generated from the National Oceanic and
Atmospheric Administration (NOAA) Hazard Mapping System (HMS), with sensitivity analyses
conducted using alternative smoke day definitions. Both models predict MDAS8 O3 concentrations
from U.S. Environmental Protection Agency’s (EPA) AirData repository using a rich set of pre-
dictors (Table S1). Smoke O3 is defined as the difference between predicted O3 and estimated
counterfactual non-smoke Og on each smoke day. Using these daily smoke Og estimates, we quan-
tify wildfire smoke contributions to population Og exposure and NAAQS nonattainment, and we
compare smoke O3 with smoke PMs 5 to assess whether their impacts coincide in space and time. We
then quantify how often smoke shifts the reported Air Quality Index (AQI) into a worse category,
and how much of that shift is primarily related to smoke O3. Compared with prior monitor-based

estimates of smoke O3 (22, 33—35), our estimates provide spatially complete coverage over a longer
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time horizon. Compared with the recent product from Deng et al. (15), our estimates are directly
constrained by observations across both smoke and non-smoke days and separate smoke impacts on

O3 from co-occurring meteorological variability.

Results

Model Performance and Validations

Our non-smoke ensemble model performs well across most of the contiguous U.S. in predicting
MDAS8 O3 on non-smoke days using a spatial-block CV (Figure 1, Table S2, Figure S1). Performance
remains similar under a more stringent 150 km spatial CV split (Figure S2), suggesting that our
model generalizes to locations farther from training monitors. The strong out-of-sample performance
of the non-smoke model, as well as the overlap in predictors between smoke and non-smoke days
(Figure S3), provides confidence in its use for estimating counterfactual non-smoke O3 on smoke
days under observed meteorological conditions.

Our smoke ensemble model predicts MDA8 O3 on smoke days with similarly high accuracy
(Figure 1, Table S2, Figure S1). The smoke model achieves comparable performance to the non-
smoke model across the eastern U.S. but performs worse in the western U.S. (Figures S2 and S4).
The lower performance in the western U.S. may reflect O3 formation in smoke plumes through
complex photochemistry that depends on fire-emitted VOC speciation, fuel characteristics, plume
age, and NO,, regimes (20, 43). These factors are not directly captured by the fire-related predictors
in our ML models, and most are available only from individual field campaigns rather than data
products across the U.S. We find that including interpolated Os concentrations from nearby surface
monitors (see Methods) as an additional predictor achieves higher predictive accuracy in the western
U.S. (Figure S5), with interpolated O3 as the most important feature (Figures S6 and S7). However,
the heavy reliance on a single feature raises concerns about overfitting and spatial artifacts (Figure
S8). Nevertheless, the general pattern and population-level exposure in predicted O3 remain highly
similar across interpolation and non-interpolation models (Figure S9). We therefore use the non-
interpolation smoke model as our primary model for estimating smoke Og. Importantly, we also
find that the prediction bias of Og generally has the same sign in >85% of the monitor locations
across both smoke and non-smoke models, resulting in lower bias when calculating smoke O3 as the

differences between the two sets of predictions (Figure S10).
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Figure 1: Schematic figure of our machine learning-based approach for estimating smoke
O3 concentrations. Panel a: In Step 1, we construct the smoke model to predict total O3 concen-
tration on smoke days, and the non-smoke model to predict total Og concentration on non-smoke
days (thus used to predict counterfactual non-smoke O3 on smoke days). In Step 2, we use these
models to estimate the total Oz concentration and counterfactual Oz concentrations on smoke days.
Panels b and ¢: an illustration of our method for New York State during summer 2023 (averaged over
all grid cells in New York State). Panel b shows predicted total O3 concentration (“predicted total”,
black line) and estimated counterfactual non-smoke O3 using smoke-day meteorology (grey dashed
line). Panel c: the plot shows smoke-driven Og changes (pink line) calculated as the difference be-
tween predicted total and counterfactual O3, and met-driven O3 changes (green line) calculated as
the impacts of meteorological variability on O3 concentrations. Panel d: out-of-sample performance
metrics of smoke and non-smoke O3 models, reported based on spatial cross-validation at 75 km
resolution. Within R? is calculated from linear regressions that include station and month fixed

effects. Warm season is defined as April to September.
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Figure 2: Wildfire smoke contribution to annual average O3 concentrations across the
U.S. from 2006 to 2023. Wildfire smoke contribution to annual average O3 concentrations is
calculated using “smoke-driven” Og estimates averaged over all days in a year (smoke Og is assumed

to be zero on non-smoke days).

Wildfire smoke contribution to ground-level Oy

Wildfire smoke leads to widespread increases in surface Og across the contiguous U.S., with a
growing contribution over time (Figure 2). These spatial patterns are broadly consistent with prior
monitor-based estimates (22, 33, 34). During 2006-2022, smoke-driven O3 enhancement was mostly
observed in the western U.S., where wildfires are most active, and in the downwind Midwest. The
Midwest consistently exhibits the highest smoke Og levels, as it is directly downwind of smoke from
fires that occurred in the western U.S. and Canada. Wildfire smoke impacts on Os peaked in 2023,
when the entire Midwest and Southern U.S., as well as parts of the Northeastern U.S., experienced
elevated Og driven by widespread transport of Canadian wildfire smoke. Wildfire smoke increased
the annual mean O3 concentrations by up to 5 ppb in 2023 in the Midwest (see Figure S11 for
modeled Ogz levels at selected stations in summer 2023). These results are consistent with prior
analyses based on airborne and surface measurements over the Midwest during the 2023 Canadian
smoke events (27, 36).

We found that smoke has offset what would otherwise be a declining trend in population exposure
to Og pollution across the U.S. We calculated the population-weighted Og “design value” (i.e., 3-year
moving average of the 4th-highest annual MDAS8 O3 concentration) and the number of people living
in nonattainment areas (O3 design value exceeding 70 ppb), following the NAAQS criterion (Figure

3; Table S3). Absent smoke influence, the population-weighted O3 design value would decline by
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Figure 3: The influence of wildfire smoke on population-weighted 3-year average 4th-
highest MDA8 O3 across U.S. states. Lines show 3-year moving averages of population-
weighted 4th-highest MDAS8 Og for predicted total Os (red) and counterfactual non-smoke Oj
(black). Gray shading shows the smoke contribution, calculated by subtracting non-smoke Os from
total Os.

7.6 ppb at the national level (from 67.7 ppb in 2006-2008 to 60.1 ppb in 2021-2023), and the annual
nonattainment population would fall from 95.7 million in 2006-2008 to 13.8 million in 2021-2023.
We estimate that wildfire smoke has placed an additional 29 million people in nonattainment on
average each year during 2006-2023, a 74% increase over the non-smoke baseline. Smoke-driven
nonattainment regions are concentrated in the western U.S., Midwest, and northeastern U.S. (Figure
S12). Smoke also contributes substantially to daily O3 exceedance events, defined as days when
MDAS O3 exceeds the 70 ppb NAAQS threshold (Figure S13).

Our estimates of smoke-driven Og isolated the contribution of fire smoke after accounting for the
meteorological differences between smoke and non-smoke days. We found that not accounting for
the meteorological variability between smoke and non-smoke days (e.g., higher ambient temperature
and higher UV radiation on smoke days) would over-inflate our smoke O3 estimates by 39% (Figure

S14). Because wildfire smoke tends to occur under the same hot, sunny conditions that favor Og



150

151

152

153

154

155

156

158

159

160

161

162

163

164

165

167

168

169

170

171

172

173

174

175

176

177

178

179

180

formation, smoke O3 adds to days on which baseline Og is already high, exacerbating existing O3
extremes. Wildfire smoke has lengthened Os extreme episodes (defined as at least two consecutive
days on which the 3-day mean Og concentration exceeds 60 ppb) by an average of 2.6 days and
raised the mean O3 concentration during these episodes by 6.3 ppb (Figure S15). To better quantify
smoke impacts on O3 through different mechanisms, we further decomposed the smoke-driven Og
into changes due to increases in Og precursors (using NOg and HCHO as proxies) and a residual
component, by constructing an additional counterfactual prediction that allows NO, and HCHO
concentrations to vary with smoke-day conditions (rather than using non-smoke average values).
We found that changes in O3 precursors account for 63% of the total smoke-driven Os, with the
remainder likely associated with direct transport of O3 (26). Contributions from precursor changes

almost dominate the smoke O3 burden in regions closer to active fires (Figure S14).

Influences of smoke on AQI

We find that wildfire smoke contributes substantially to poor air quality days (defined as AQI>100)
across the contiguous U.S. once its influence on both PMs 5 and O3 concentrations is accounted
for (Figure 4). Of all person-days with AQI above 100 during 2006-2023 (including “Unhealthy for
Sensitive Groups”, “Unhealthy”, “Very Unhealthy”, and “Hazardous” categories), 41.7% are “smoke-
driven”. “Smoke-driven” AQI days are defined as days when the AQI category calculated from total
PMs 5 and O3 concentrations is higher than the counterfactual category calculated from non-smoke
PMs 5 and non-smoke O3 concentrations. In other words, the AQI category would have been lower
without smoke contributions to PMs s or O3. The share of smoke-driven days is much higher for
the worst air quality days. For example, all “Hazardous” days (AQI above 300) and 92.2% of “Very
Unhealthy” days (AQI 201-300) are smoke-driven. As for O3, 36.2% of bad O3 days (sub-index
above 100) are driven by smoke, and the percentage has increased to 62.5% during 2021-2023 and
75.7% during 2023 (Figure S16).

Importantly, the influence of smoke on Og is a major contributor to smoke impacts on the overall
AQI, especially in the middle of the AQI range. Among smoke-driven days with AQI above 100,
71.3% have their category set by smoke Os alone, meaning those days would have been classified in
a lower tier had we ignored smoke impacts on Os. “Hazardous” days, by contrast, are driven entirely
by smoke PMj 5, because the 8-hour Oz sub-index cannot exceed 300 and so cannot by itself produce
a “Hazardous” classification (45). Given the importance of the AQI for public perception and for

guiding public health recommendations, we further quantify the risk of misclassifying the AQI if
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Figure 4: Effects of smoke PMs 5 and O3 on AQI. Panel a: percentage of smoke-driven and
not smoke-driven person-days in each of five AQI categories (x-axis), 2006-2023. Panel b: among
smoke-driven person-days, the percentage in which the AQI category is determined by PMs 5 alone
(PMa 5 only), by O3 alone (Ozone only), or by both pollutants (Both) meaning the AQI classification
is the same. Panel c: the number of bad smoke days per year (defined with AQI > 50) that would

be missed if the contribution of smoke to O3 were ignored, i.e., if only smoke PMs 5 were considered.

only smoke PMg 5 is considered and Og is ignored. In reality, AQI is always calculated using actual
concentrations of all pollutants; thus the exercise here is designed to quantify the contribution of Og
to smoke impacts on air quality, and is more applicable in scenarios where smoke O3 information is
not available (e.g., air quality forecasts). We find that such misclassification is most severe in the
AQI ranges 101-150 and 151-200 (Figure 4). For example, 72.6% of person-days in the “Unhealthy
for Sensitive Groups” category would be labeled “Moderate” and 5.5% would be labeled “Good” if
only smoke PMj 5 impacts were considered (Figure S17). Similarly, 42.5% of person-days in the
“Unhealthy” category would be labeled “Moderate”. If we assume that people only pay attention
to PMs 5, this suggests that many would not have taken the protective actions the true air quality
warranted. Averaged over 2006-2023, many locations experience at least one such missed day per

year if smoke O3 is ignored, most of them in the Midwest, Southwest, and Northeast (Figure 4).

Relationship between smoke PM, 5 and smoke Oj;

We found a non-linear and spatially heterogeneous relationship between smoke PMs 5 and smoke

O3 across the contiguous U.S. (Figure 5). At the national level, daily smoke Oz increases with

9
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smoke PMa 5 up to a tipping point of approximately 60-70 ug/m? of daily smoke PMs 5, beyond
which smoke Og declines with further increases in smoke PMs 5. This inverted U-shaped pattern is
consistent with the documented effects that high smoke aerosol loading can suppress photochemical
O3 production by reducing light transmission and increasing HOo uptake, though existing evidence
is mostly in the western U.S. (28, 29). However, not all regions exhibit this pattern. In the Upper
Midwest, Ohio Valley, South, and Southeast, smoke Ogs increases consistently with smoke PMs 5
across the range of historically observed concentrations, with no evidence of a tipping point within
observed levels. Even among regions that do exhibit an inverted U-shape, the tipping point varies
substantially. We note that the spread of smoke O3 within each smoke PMs 5 bin is large (Figure
é), indicating that smoke PMs 5 alone explains only a small fraction of the variation in smoke Os.
Overall, smoke PMy 5 and smoke Og are only weakly correlated (with varying correlations across
different smoke PMy 5 ranges; Figure S18), suggesting that high smoke PMj 5 exposure does not
reliably predict high smoke O3 exposure.

Smoke Oj affected nearly all populations across the contiguous U.S., but meaningful differences
in exposure exist across racial, ethnic, and income groups (Figure 6). For smoke O3 exposures, Black
populations face the highest exposure nationally (0.39-0.44 ppb across income deciles), followed by
White (0.39-0.41 ppb), Hispanic (0.36-0.41 ppb), and Asian populations (0.33-0.37 ppb). A weak
income gradient is present for most groups, with lower-income populations facing slightly higher
smoke Oz exposure. White populations are an exception and their smoke O3 exposure is largely flat
across income deciles. These distributional results differ from smoke PMs 5 patterns, where White
populations face the highest exposure (0.53-0.57 ug/m?) and Hispanic populations face the lowest
(0.47-0.51 pg/m3). These contrasting patterns are driven by the different spatial distributions of
the two pollutants combined with the geographic distribution of racial and income groups (Figures
S19 and S20). In the western U.S. (defined as locations west of the meridian 100° west), where
smoke PMs 5 is highest, White populations face the greatest exposure to both pollutants. In the
eastern U.S., where smoke Og is larger, Hispanic populations face the highest smoke O3 exposure
(0.47-0.52 ppb), while racial differences in smoke PMj 5 are smaller. Prior studies have documented
that wildfire smoke PMjy 5 exposure disparities do not follow conventional environmental justice
patterns observed for non-smoke pollution (16, 46, 47). Our results suggest that considering smoke

O3 alongside smoke PMs 5 adds further complexity to smoke exposure disparities.

10
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Figure 5: National and regional patterns of non-linear relationships between smoke
PMs ;s and smoke Os. The boxplots illustrate the distributions of daily smoke O3 within each
daily smoke PMjy 5 bin: thick black lines represent the medians, box edges denote the 25th and 75th
percentiles, and whiskers extend to the 10th and 90th percentiles. The solid red lines represent a
LOESS regression fitted to the medians of each box. The vertical dashed blue lines indicate the

smoke PM, 5 threshold at which smoke O3 concentrations reach their maximum value.

Discussion

In this study, we quantify the important and increasing contribution of wildfire smoke to U.S. O3
trends and associated influence on population exposure and AQI. We found that wildfire smoke Og
offset the otherwise declining trend in Og exposure and nonattainment populations over the study
period. Smoke O3 enhancement was widespread across the contiguous U.S. in recent years, with the
Midwest experiencing the largest increases; this additional O3 burden affected populations across
all income and racial groups. The gridded smoke O3 dataset we developed fills an important gap

in existing smoke exposure products, which have focused almost exclusively on smoke PMy 5 (2,
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Figure 6: Disparities in smoke O3 and smoke PMy 5 exposure by race/ethnicity and
income groups. Panels a—c show the average exposure to smoke O3 across income rank (0-100%)
and race or ethnicity (Asian, Black, Hispanic, White, and Other/Unknown) for the contiguous U.S.,
western U.S., and eastern U.S. The western U.S. is defined as locations west of the meridian 100°
west. Panels d—f illustrate the corresponding exposure to smoke PMs 5 for the same geographic

regions.

16—18). Our findings extend prior monitor-based estimates of smoke Oz (22, 33—-35) by providing
spatially complete coverage that captures smoke O3 in areas without surface monitors. The dataset
also complements existing gridded total Oz products by separating the wildfire smoke contribution
from background Og (15, 48).

Wildfire smoke influences on surface O3 levels are highly complex, and our new gridded dataset
provides a basis for investigating the underlying drivers of smoke Og at large regional scales. For
example, future research could examine how smoke’s effect on surface O3 varies with fire and fuel
characteristics, plume age, and the underlying Os chemistry regime. In constructing the smoke
O3 dataset, we carefully control for meteorological variability between smoke and non-smoke days,
given that prior studies have shown that differences in ambient temperature and UV radiation
between smoke and non-smoke days can substantially affect surface O3 estimates (22). We also

note that our approach treats all meteorological differences between smoke and non-smoke days as
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confounding factors to be accounted for. However, intense smoke events can themselves modify
local meteorological conditions such as surface temperature and boundary layer height (49, 50),
suggesting that some portion of what we attribute to meteorological variability may itself be smoke-
driven. Disentangling the direct effects of smoke on O3 from these indirect meteorological pathways
remains a challenge.

Our results indicate that smoke O3 represents a distinct exposure that may not be well captured
by smoke PMjy 5 alone. We find that smoke Og is responsible for a large share of smoke-driven
poor air quality days, particularly in the AQI range 101-200. Consistent with prior monitor-based
studies (22, 28), we find that smoke O3 and smoke PMs 5 exhibit a complex inverted U-shaped
relationship at the national level. A novel finding is that this relationship is regionally heterogeneous.
The smoke PM3 5-O3 relationship also varies with distance from fires (Figure S21), consistent with
the fact that Ogs is a secondary pollutant whose formation depends on plume age and the local
chemical environment (20, 31). These results suggest that health risk assessments for wildfire
smoke would benefit from incorporating Og, particularly in regions where the relationship between
the two pollutants is weakest. Epidemiological studies using multi-pollutant smoke exposure data are
needed to identify the additional health risks attributable to wildfire smoke O3 and to characterize
potential interactions between smoke O3z and smoke PMy 5 (51, 52).

The smoke Ogz estimates could be improved in several ways. First, following prior literature, our
analysis relies on HMS smoke plumes for smoke day classification, which carries known uncertainties
in representing surface-level smoke influence (34, 44, 53). In sensitivity tests, we exclude HMS-
identified smoke days when there is no significant increase in estimated surface smoke PMy5 (16).
If we remove all days with estimated smoke PMy 5 less than 1 pg/m? (which accounts for 22% of all
smoke days), our estimated population exposure to smoke O3 and the smoke-driven nonattainment
populations only decrease by 2% (Figure S22). Thus, our estimated smoke contribution to O3
exposure is largely robust to uncertainty in the smoke day identification. Second, simulations from
CTMs could complement our ML approach by providing alternative smoke day identifications when
satellite imagery is missing or uncertain during extreme smoke events. CTM simulations can also
represent the non-linear O3 chemistry regimes that our empirical models cannot directly capture
(43). Third, incorporating additional fire-related variables such as fuel type and fire dynamics may
help improve prediction performance, particularly in the western U.S. where our models perform less
well. Synoptic weather patterns and fine-scale meteorological features such as sea breeze circulations

could also be incorporated as predictors (54, 55).
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The wildfire smoke O3 dataset we created, together with the accompanying non-smoke O3 pre-
dictions, can support a range of research and policy analyses. The dataset enables multi-pollutant
epidemiological studies of both long-term and short-term health effects of wildfire smoke (7, 37).
Our estimates of smoke-driven Os exceedance can inform policy discussions about exceptional events
under the Clean Air Act (56, 57). The dataset can also support research on smoke Os effects on
agriculture and ecosystems (58) considering the known impacts of O3 on plants. As wildfire smoke
is projected to continue increasing under future climate change (14, 59, 60), these impacts from
smoke Og are likely to grow substantially without adaptation policies to mitigate them. Using
high-resolution datasets to map impacts of smoke O3 is an important and necessary step to further

design and evaluate the interventions and adaptation strategies.

Materials and Methods

Datasets

For surface O3 observations, we obtained daily maximum 8-hour average ozone (MDAS8 O3) across
monitoring stations from the U.S. Environmental Protection Agency’s (EPA) AirData repository
(61). We used a variety of public datasets for smoke and fire information. We used smoke plume
polygons generated from the National Oceanic and Atmospheric Administration (NOAA) Hazard
Mapping System (HMS) from 2006 to 2023. Smoke polygons are generated daily using near-real-time
visible satellite imagery to delineate the spatial distribution of wildfire smoke over the contiguous
U.S. (62, 63). We used gridded daily wildfire smoke PM3 5 estimates for the contiguous U.S. at 10
km resolution from 2006 to 2023 from Childs et al. (16, 56). Childs et al. constructed XGBoost
models using satellite-derived smoke plume, remotely sensed atmospheric variables, interpolations of
PMs 5 measurements from surface monitors, meteorological variables, and fire variables to predict
anomalous increases in surface PMy 5 during wildfire events. For fire information, we used the
Moderate Resolution Imaging Spectroradiometer (MODIS) Active Fire products (Collection 6) from
2006 to 2023 across the U.S. to identify fire point locations and fire radiative power (FRP) (64), as
provided by NASA’s Fire Information for Resource Management System (FIRMS) (65). Fire pixels
within a 20 km radius are aggregated into a single fire event, with the event center computed as the
weighted mean of the fire pixel locations based on FRP (23, 24).

Surface nitrogen dioxide (NO3) and formaldehyde (HCHO) data from a global reanalysis product

are used as indicators of Og precursors. The Copernicus Atmosphere Monitoring Service (CAMS)
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Global Reanalysis, known as EAC4, is a comprehensive dataset of atmospheric composition pro-
duced by the European Centre for Medium-Range Weather Forecasts (ECMWF). It integrates a
wide array of satellite observations with atmospheric modeling through data assimilation, provid-
ing consistent, three-dimensional global fields of various atmospheric constituents (66). The EAC4
product, available since 2003, provides global atmospheric data at a spatial resolution of 0.75 degree
and a temporal resolution of 3 hours.

Meteorological data are sourced from both ERA5 and ERA5-Land products (67, 68). We
used daily ERA5-Land meteorological variables from 2006-2023 with a spatial resolution of 9 km,
including 2m air temperature and dewpoint temperature (daily minimum, maximum, and mean),
surface pressure, 10m v-component and u-component of wind, precipitation, surface (0-7cm) soil
moisture, and leaf area index (high and low vegetation). Mean sea level pressure, surface downward
UV radiation, cloud cover, column ozone, and boundary layer height are derived from ERA5 with
a spatial resolution of 25 km. We used elevation data from EarthEnv, a 1km digital elevation
model synthesized from global terrain data (69). Land cover classification is derived from the
MODIS MCD12C1 product, which categorizes the global surface into 17 distinct types defined by
the International Geosphere-Biosphere Programme at 0.05 degree resolution (70). Population data
are derived from the Gridded Environmental Impacts Frame (Gridded EIF) developed by the U.S.
Census Bureau and released in February 2025. The dataset includes detailed demographic counts by
age, sex, race, ethnicity, and household income decile on a fixed 0.01-degree grid in North America

(71).

Smoke and non-smoke ML models

To estimate smoke contribution to surface Og concentrations, we developed two sets of ML models
— referred to as “smoke models” and “non-smoke models” to predict daily MDA8 O3 concentration
(Figure 1). Observational samples are classified into smoke and non-smoke datasets, based on the
presence of HMS smoke plumes following prior methods (16, 33, 34). The smoke models use
input variables from five categories: meteorological variables, O3 precursor variables, geographical
variables, fire-related variables, and interpolated Og concentrations from monitored data. The non-
smoke models use all input features above except for fire-related variables and interpolated Os
concentrations. A comprehensive list of features used in model training is provided in Table S1.
We constructed separate smoke and non-smoke ML models using three algorithms: eXtreme

Gradient Boosting (XGBoost) (72), Categorical Boosting (CatBoost) (7%), and Neural Network
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(NN). To further enhance the predictive accuracy and robustness of our O3 estimations, we imple-
mented a stacking ensemble approach (48). This method integrates outputs of the three individual
ML models by using their predictions as input features for a meta-learner. Specifically, we employed
a Random Forest algorithm as the meta-learner to capture complex, non-linear relationships among
the base model predictions. By combining multiple base learners, the ensemble model mitigates
the biases inherent in individual models and leverages their complementary strengths, leading to
improved generalization performance.

ML models’ hyperparameters are tuned via 5-fold cross-validation (CV), using regression with
Root Mean Squared Error (RMSE) as the objective function. Note that we construct two versions
of the smoke models: one incorporating all variables, including interpolated Os concentrations from
EPA stations, and another excluding the interpolated Og concentrations. Here, the interpolated O3
is calculated using inverse-distance weighting (IDW) spatial interpolation, based on ground-level O3
observations from EPA monitoring stations. For each smoke day and each grid cell, we interpolate

O3 using all available monitor observations (56).

Model Evaluations

We evaluated the model performance using 5-fold spatial CV. To address the concerns of information
leakage between the training and test sets, we split data by station locations, rather than using a
conventional random split by observation (where a given station could contribute data to both sets).
The spatial folds (disjoint sets of training and testing) are defined from the coarsest input (CAMS,
~75 km) to avoid further information leakages. Model performance is also assessed with a spatial
split at 150 km to quantify its performance in regions with sparse monitor coverage. As discussed
in prior literature, spatial CV provides a more realistic assessment of the model’s ability to predict
MDAS8 O3 at new locations with no surface observations (16, 7/). We reported four evaluation
metrics: R2, within R2, RMSE, and Mean Absolute Error (MAE) on the held-out test set. Within
R? is calculated by regressing observed MDAS Oz on predicted MDAS Og, including fixed effects
for each station and month, thereby isolating within-location temporal variation. We employed
SHapley Additive exPlanations (SHAP) (75) to enhance the interpretability of our ML models and
understand the contribution of each feature to the predicted MDAS8 O3 concentrations (Figures S6

and 87).
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Predicting smoke Oj;

To generate grid-level smoke O3 estimates, we used our smoke and non-smoke models to predict Og
on each smoke day and non-smoke day from 2006-2023 across all grid cells (10 km) in the contiguous

U.S. For non-smoke days, we used the non-smoke models to predict O3 concentrations on those days

across the contiguous U.S. These predictions on non-smoke days use feature values observed on that
day, e.g., meteorology and precursor concentration, and are thus designed to represent the actual

O3 concentration on those days. For smoke days, we used our ML models to create three sets of

predictions (Figure 1):

e Predicted total O3 = fg(M, P,G, F'), where fg represents the smoke ML models, and M,P,G,F
represent the input features of meteorology variables (M), precursor variables (P), geographical
variables (G), and fire-related variables (F). Predicted total Os is predicted from the smoke
model, using meteorological and precursor variables observed on the corresponding smoke day.
Predicted total O3 thus estimates the total O3 concentration from both smoke and non-smoke

sources on smoke days.

e Counterfactual O3 = fns(M, Pys,G), where fyg represents the non-smoke ML models, and
Py represents the values of precursor variables averaged over non-smoke days in the same
month with 3-year windows. Note that Counterfactual Og is predicted from the non-smoke
models using meteorological variables observed on the corresponding smoke day and average
precursor values on non-smoke days. Counterfactual Oz thus estimates the counterfactual

non-smoke O3 concentration on smoke days given the observed meteorological conditions.

e Non-Smoke met O3 = fns(M, Pys,G), where fys represents the non-smoke ML models, M
represents the average meteorological conditions over non-smoke days, and Pyg represents
the average precursor variables over non-smoke days. Note that Non-Smoke met Os is pre-
dicted from the non-smoke model using average meteorological and precursor variable values
on non-smoke days. Non-Smoke met Oz thus quantifies the counterfactual non-smoke Og con-
centration on smoke days given the typical non-smoke meteorological conditions for this grid
cell. Non-smoke meteorological conditions are defined as the mean values of meteorological

variables on all non-smoke days in the same month and the moving 3-year window.

We then used these three sets of predictions on smoke days to estimate the contribution of

wildfire smoke to ground-level Og concentrations and the contribution of meteorological variability
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between smoke and non-smoke days on Os concentrations. Specifically, we calculated two values for

each smoke day:

Smoke-driven O3 = Predicted total O3 — Counterfactual Oy (1)

Met-driven O3 = Counterfactual O3 — Non-Smoke met Os (2)

Here, Smoke-driven Os denotes the contribution of wildfire smoke to ground-level O3 concentra-
tions while controlling for meteorological variability between smoke and non-smoke days. Impor-
tantly, Smoke-driven Oz does not include the potential Oz changes due to meteorological variability
across smoke and non-smoke days (e.g., smoke days are hotter). We use Smoke-driven O3 as our
main estimate for smoke Og concentration. Met-driven Oz quantifies the effects of meteorological
variability on Os concentrations, which is not necessarily due to smoke influences. We retain all
values of Smoke-driven Os and Met-driven Os, whether positive or negative, in all calculations.
Smoke-driven Oz are assumed to be zero on non-smoke days.

Our final dataset thus includes daily grid-cell estimates across 95,549 grid cells from 2006-2023
(grid cells with water coverage >50% are excluded). As we construct two versions of the smoke
model, one with and one without interpolated O3 concentrations, we generate two sets of predicted
total O3z concentrations and estimated Smoke-driven Og for all smoke days. We do not construct
non-smoke models with interpolated Os concentrations because our non-smoke models are used for
quantifying the contribution of meteorological variability. As a result, our final model only includes
one set of predicted total Oz concentrations for all non-smoke days, and one set of predictions for

Met-driven Oz on smoke days.

Impacts on AQI and extreme Oj

We calculated daily AQI values for each 10 km grid cell from estimated MDAS8 O3 and PMs 5
concentrations, following the EPA reporting guidance (45). We defined the reported AQI as the
maximum of the PMs 5 and O3 sub-indices, and thus ignored the potential contributions from other
pollutants. We used the breakpoints from the 2026 EPA AQI guidelines and retrospectively applied
them back to 2006. Total PMs 5 was constructed as the sum of daily smoke PMjy 5 from Childs et al.
(56) and a monthly non-smoke baseline, obtained by subtracting monthly mean smoke PMs 5 from

satellite-derived total PMg 5 (74). We classified a grid-day as smoke-driven when its AQI category
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based on total concentrations was higher than the category based on counterfactual non-smoke
concentrations of both pollutants. Among smoke-driven AQI days, we attributed the AQI category
to Os only, PMg 5 only, or both, according to which sub-index reached the reported category. As
the AQI is defined as the maximum across pollutants, at least one sub-index always reaches it, so
these three groups are mutually exclusive and exhaustive. All results are reported as person-days
under each AQI category. Because the calculated monthly non-smoke PMs 5 baseline omits day-to-
day variation in background PMs 5 and smoke days often correspond to higher non-smoke PMs 5
(56), our approach likely overstates the share of smoke-driven days attributable to PMy 5 alone and
understates the share attributable to O3 alone.

We further quantified how wildfire smoke alters the duration and intensity of short-term ex-
treme O3 episodes. We identified extreme Og episodes using a centered rolling mean of daily Og
concentrations in the observed smoke scenario (i.e., using estimated total smoke O3 concentrations).
In the primary analysis, we defined an episode as at least two consecutive days with a 3-day mean
O3 concentration greater than a threshold of 60 ppb. The episode duration was defined as the
union of the corresponding rolling windows, and each episode was required to contain at least one
smoke day. To characterize the intensity of extreme Os, we calculated the mean and peak daily
O3 concentrations within the episode. We then calculated the duration, mean, and peak daily O3
concentration ignoring the smoke influences for each episode. The effects of wildfire smoke were
quantified as the differences between the paired smoke and non-smoke scenarios in duration, mean
O3, and peak O3z. We also assessed the robustness of these estimates using alternative thresholds

of 55, 65, and 70 ppb (Figure S15).
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Table S1: Feature inputs of machine learning models. All variables are at daily resolution, except

for population, elevation, and land cover (which are time-invariant). All variables are regridded to

10 km for model training and predictions.

Type

Feature Resolution

Source

Meteorology

Temperature (Min, Max, Mean)

Dewpoint (Min, Max, Mean)

Surface pressure

Wind (U, V, speed, direction) 9 km
Precipitation

Soil moisture

LAI (High and Low vegetation)

ERAS5-Land (68)

Mean sea level pressure

UV radiation

Total cloud cover 25 km
Total column ozone

Boundary layer height

ERAS5 (67)

NO- (at 1000 hPa level)

O3 Precursor 75 km CAMS (EAC4) (66)
Formaldehyde (at 1000 hPa level)
Land cover (resampled to 10 categories:
Water, Forest, Shrub, Savanna, Grass,
k MCD12C1 (MODI
Wetland, Crop, Urban, Ice, Barren) 5 km C C1 (MODIS)
h;
Geography Distance to water
Elevation 1 km EarthEnv (69)
Population 1 km Gridded EIF (71)
Fire radiative power (FRP)
points FIRMS (MODIS C6.1)
Fire Distance to fire
Smoke PMj 5 10 km Childs et al. (56)
Others Day of the year - -
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Table S2: Out-of-sample performance metrics of smoke and non-smoke O3 models, reported based on
spatial cross-validation at 75 km. Within R? is calculated from linear regressions that include station
and month fixed effects, thus capturing the models’ ability to capture spatio-temporal variability

beyond seasonality and time-invariant location differences. Warm season is defined as April to

September.

Model group Learner R?>  Within R?> RMSE (ppb) MAE (ppb)

XGBoost 0.73 0.58 7.23 5.42

Non-smoke CatBoost 0.73 0.57 7.34 5.53

(all-year) Neural Network 0.69 0.52 7.74 5.85

Ensemble 0.73 0.57 7.28 5.47

XGBoost 0.69 0.56 7.94 5.99

Non-smoke CatBoost 0.69 0.56 8.05 6.13

(warm-season) Neural Network 0.65 0.51 8.46 6.47

Ensemble 0.68 0.56 7.98 6.05

XGBoost 0.74 0.65 7.33 5.41

Smoke CatBoost 0.72 0.62 7.75 5.83

(no interpolation)  Neural Network 0.66 0.54 8.23 6.25

Ensemble 0.73 0.64 7.39 5.50

XGBoost 0.86 0.81 5.61 3.96

Smoke CatBoost 0.86 0.81 5.58 3.93

(with interpolation) Neural Network 0.85 0.80 5.79 4.11

Ensemble 0.85 0.81 5.73 4.07
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Table S3: Population-weighted annual 4th maximum MDAS8 O3 concentrations by state (unit: ppb).
Three separate periods, 2006-2023, 2006-2008, and 2021-2023, are shown in the table.

Non-smoke O3 Total O3 Smoke Contribution

2006—- 2006- 2021- 2006- 2006- 2021- 2006- 2006- 2021-
2023 2008 2023 2023 2008 2023 2023 2008 2023

State

contiguous U.S. 63.3 67.7 60.1 659 69.8 65.0 258 212 4.90

Alabama 62.8 69.9 59.0 641 71.3 61.6 1.32 141 2.59
Arizona 675 686 675 69.0 68.6 71.3 142 0.06 3.80
Arkansas 62.1 67.5 60.7 636 686 63.1 1.50 1.13 2.43
California 67.6 70.7 65.7 698 723 69.0 221 1.59 3.28
Colorado 64.0 65.1 63.6 67.0 66.5 69.2 297 147 5.62
Connecticut 66.3 73.5 584 70.1 76.0 66.9 381 253 8.46
Delaware 65.8 72.8 584 684 743 63.6 261 1.49 5.17
Florida 58.6 60.9 555 602 643 579 1.61 347 2.40
Georgia 65.0 73.7 604 666 757 635 161 2.01 3.05
Idaho 59.1 60.1 587 623 621 63.7 3.17 197 5.03
Illinois 63.7 674 622 675 687 705 3.78 1.27 8.30
Indiana 64.1 69.0 615 67.0 71.1 67.6 291 215 6.06
Towa 58.9 60.5 59.1 61.2 61.6 639 229 1.08 4.75
Kansas 61.6 63.3 608 636 644 64.8 203 1.17 4.00
Kentucky 64.3 69.6 61.8 659 714 642 161 175 2.36
Louisiana 61.6 66.5 57.7 634 67.7 61.7 180 1.28 3.97
Maine 53.5 559 504 558 59.1 549 229 3.17 4.52
Maryland 67.1 754 59.2 693 76.9 642 214 1.52 4.99
Massachusetts 60.3 66.0 53.6 642 699 62.0 3.8 3.97 8.34
Michigan 61.5 65.0 585 660 69.6 669 456 4.55 8.42
Minnesota 575 594 56.5 60.2 61.1 624 2.69 1.61 5.84
Mississippi 60.5 65.5 575 618 66.7 604 135 1.15 2.91
Missouri 63.0 67.2 627 653 69.8 658 229 263 3.17
Montana 54.7 55.8 542 579 585 59.8 3.24 272 5.62
Nebraska 57.5 581 579 594 587 622 191 0.60 4.27
Nevada 66.7 685 655 688 70.6 687 214 210 3.18

New Hampshire 58.6 63.1 53,5 612 66.7 593 267 3.58 5.85
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Table S3

Non-smoke O3 Total O3 Smoke Contribution

State 2006— 2006— 2021- 2006- 2006— 2021- 2006- 2006- 2021-

2023 2008 2023 2023 2008 2023 2023 2008 2023
New Jersey 68.3 76.8 59.3 T71.5 79.1 66.7 3.25 234 7.38
New Mexico 61.5 61.5 61.8 63.6 625 66.2 210 0.96 4.39
New York 634 69.1 574 67.0 71.6 654 3.57 251 8.01
North Carolina 624 679 59.1 642 70.7 624 186 2.82 3.33
North Dakota 53.7 542 538 56.8 553 593 3.04 1.15 5.50
Ohio 648 704 615 674 732 658 2.63 275 4.33
Oklahoma 649 67.1 644 669 68.6 67.3 2.01 1.50 2.82
Oregon 53.6 55.6 523 583 588 589 4.66 3.20 6.60
Pennsylvania 65.4 725 60.2 675 743 640 206 1.83 3.86
Rhode Island 63.5 69.6 56.8 679 73.0 648 445 3.40 8.09
South Carolina 61.6 66.8 58.7 629 68.7 614 127 197 2.71
South Dakota 55.5 55.6 56.1 587 56.8 62.7 319 1.25 6.65
Tennessee 64.1 706 61.0 656 723 64.0 151 1.75 3.01
Texas 644 683 61.0 676 702 67.6 327 195 6.55
Utah 65.7 679 644 687 709 69.8 3.00 296 5.42
Vermont 55.7 587 539 570 60.1 57.0 1.27 145 3.09
Virginia 63.1 694 57.8 648 713 615 1.71 187 3.67
Washington 51.5 524 51.1 54.8 54.1 56.0 3.28 1.77 4.86
West Virginia 61.5 66.7 587 626 67.8 60.5 1.01 1.15 1.81
Wisconsin 60.1 629 58.6 643 647 672 419 184 8.60
Wyoming 57.2 581 57.0 600 59.6 61.6 2.71 1.55 4.58
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a) Smoke model b) Non-smoke model
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Figure S1: Out-of-sample performance of ML models. The figure shows the out-of-sample
performance of our smoke and non-smoke ML models in predicting O3 on smoke days and non-smoke
days. x-axis shows the observed daily MDAS8 O3 concentration, and y-axis shows the predicted
concentrations. The mean of observed and predicted O3 concentrations, best linear fits (red line),

R2, and root mean squared error (RMSE) are shown in the figure. 1:1 line is shown in dashed black.
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Non-smoke model

a) spatial cross-validation at 75km b) spatial cross-validation at 75km

0.00 0.25 0.50 0.75 1.00 3 6 9 12 15
c) spatial cross-validation at 150km

0.00 0.25 0.50 0.75 1.00

Figure S2: Model performance of non-smoke ML models. The figure shows the out-of-sample
performance of our non-smoke ML models in predicting Oz on non-smoke days at each monitoring
station. R? and root mean squared error (RMSE) are shown in the figure. Results are shown for

two spatial cross-validation splits, with the split defined as 75km (a, b) or 150km (c, d).
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Figure S3: Distribution of predictors across smoke and non-smoke days. Density distribu-
tions of the eight input predictors used in the ML models, compared between smoke and non-smoke
days. Non-smoke days are limited to those in the warm season to be more comparable to smoke

days.
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Smoke model (no interpolation)

a) spatial cross-validation at 75km b) spatial cross-validation at 75km
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c) spatial cross-validation at 150km
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Figure S4: Model performance of smoke ML models (without using interpolation). The
figure shows the out-of-sample performance of our smoke ML models in predicting O3 on smoke days
at each monitoring station. Importantly, the model does not include interpolated O3 concentrations
from the station data. R? and root mean squared error (RMSE) are shown in the figure. Results
are shown for two spatial cross-validation splits, with the split defined as 75km (a, b) or 150km (c,
d).
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Smoke model (with interpolation)

a) spatial cross-validation at 75km b) spatial cross-validation at 75km

0.00 0.25 0.50
c) spatial cross-validation at 150km

Figure S5: Model performance of smoke ML models (using interpolation). The figure
shows the out-of-sample performance of our smoke ML models in predicting Oz on smoke days at
each monitoring station. Importantly, the model includes interpolated Os concentrations from the
station data as a feature. R? and root mean squared error (RMSE) are shown in the figure. Results
are shown for two spatial cross-validation splits, with the split defined as 75km (a, b) or 150km (c,
d).
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a) Smoke model (no interpolation) b) Smoke model (with interpolation)
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Figure S6: SHAP value based variable importance for XGBoost smoke models. Panel
a: smoke model (no interpolation). Panel b: smoke model (with interpolation). The SHAP value
represents the impact of each feature on the model’s prediction relative to the baseline. A larger
SHAP value indicates a greater contribution of the feature to model’s output, either positively or
negatively. Each listed number corresponds to the feature importance, defined as the absolute mean
of all SHAP values for a specific feature, reflecting the model’s sensitivity to each individual feature.
The distribution of points along the horizontal axis shows the range of SHAP values for each feature,
with individual points representing the contribution to each observation. The color of the points
represents the value of the feature, with low feature values in yellow and high feature values in

purple.
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Non-smoke model
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Figure S7: SHAP value based variable importance for XGBoost non-smoke model. The
SHAP value represents the impact of each feature on the model’s prediction relative to the baseline.
A larger SHAP value indicates a greater contribution of the feature to model’s output, either
positively or negatively. Each listed number corresponds to the feature importance, defined as the
absolute mean of all SHAP values for a specific feature, reflecting the model’s sensitivity to each
individual feature. The distribution of points along the horizontal axis shows the range of SHAP
values for each feature, with individual points representing the contribution to each observation.
The color of the points represents the value of the feature, with low feature values in yellow and

high feature values in purple.
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Smoke model with interpolation Smoke model without interpolation

30

Figure S8: Spatial patterns of smoke O3 predictions across interpolation and non-
interpolation models (selected smoke days). The plot shows predictions of O3 concentrations
on three selected smoke days, from the smoke model with interpolation incorporated, and the smoke

model without interpolation.
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Figure S9: Comparing smoke O3 estimated across models with and without interpo-
lation. The plot shows predictions of Os concentrations on smoke days in western and eastern
U.S., across models with and without using the interpolations. The y-axis shows the O3 predictions
from ML models without using interpolations (i.e. our main model), and the x-axis shows the O3
predictions from ML models using interpolations. The western U.S. is defined as locations west of

the meridian 100° west.
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Warm season 2006-2023
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Figure S10: Prediction bias of O3 concentrations across monitor locations over the warm
season. The plot shows prediction bias (defined as predictions - observed) averaged over the warm
season (April to September) from 2006-2023, for smoke days (panel a), non-smoke days (panel b),

and their differences (panel c).
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Year of 2023
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Figure S11: Observed and predicted daily Oj; concentrations at selected monitoring
sites. Black lines show observed total O3 concentrations. Blue lines show estimated counterfactual
non-smoke O3 concentrations. Red lines show predicted Og concentrations on smoke days from the
smoke model. Both blue and red lines are out-of-sample predictions from models trained on datasets
that excluded the corresponding site. The plot shows R? and RMSE between observed (black) and
predicted Og concentrations (red line on smoke days + blue line on non-smoke days). Grey shading

indicates smoke days identified using HMS smoke polygons.
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Figure S12: County-level population in O3 nonattainment areas. Nonattainment is deter-
mined at the grid-cell level if the 3-year moving average of the annual 4th maximum MDAS8 Os
concentration exceeds 70 ppb. Panels a, b, and ¢ (top row) show results averaged over 2006-2008.
Panels d, e, and f (bottom row) show results averaged over 2021-2023. Panels a and d (first column)
show nonattainment based on total O3 concentration (smoke plus non-smoke); panels b and e show
nonattainment based on non-smoke Oj; panels ¢ and f show the additional population placed in
nonattainment by wildfire smoke (the difference between total and non-smoke Oz). Total popula-

tion living in nonattainment areas is shown in the bottom-left corner of each panel.
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Figure S13: The influence of wildfire smoke on daily O3 exceedance. The plot shows the
population-weighted fraction of days with MDAS8 Os > 70 ppb for each state. “Smoke-driven” Og
exceedance (red) is defined as days when the baseline non-smoke Og is below 70 ppb but the total
O3 (smoke Oz + baseline) exceeds 70 ppb. “Not smoke-driven” Oz exceedance (blue) is defined as
locations and days when the daily non-smoke Og already exceeds 70 ppb; thus, the exceedance is

not due to fire smoke influences.
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Figure S14: The influence of fire smoke on population-weighted annual average O3 across
U.S. regions. Red lines show annual population-weighted averages for predicted total O3 (both
smoke and non-smoke). Orange lines show estimated counterfactual O3 on smoke days using smoke
day meteorology (M) and precursor (P) conditions. Differences between red and orange lines rep-
resent the contributions of smoke to Os from non-precursor changes. Black lines show estimated
counterfactual Oz on smoke days using smoke day meteorology (M) but average precursor (P) con-
ditions on non-smoke days. Differences between orange and black lines represent the contributions
of smoke to Og from precursor changes. Blue lines show estimated counterfactual O3 on smoke
days using average meteorology (M) and precursor (P) conditions on non-smoke days. Differences
between black and blue lines represent the contributions of meteorological variability to smoke day
O3 concentrations (note this part is not included to quantify smoke Os contributions). Gray shad-
ing shows the contribution of wildfire smoke to the annual average O3 calculated by subtracting
estimated counterfactual non-smoke Oz from total Oz concentrations. The region definition is the

same as those in Figure 5.
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Figure S15: The influence of wildfire smoke on O3 extreme episodes. We define an Oj
extreme episode as at least two consecutive days on which the 3-day mean O3 concentration exceeds
60 ppb. Throughout, excess refers to the difference between the smoke-influenced value and the
non-smoke counterfactual. Panel a: excess duration of Og extreme episodes due to wildfire smoke.
Panel c: excess mean Os concentration during the episode due to wildfire smoke. Panel e: excess
peak daily O3 concentration during the episode due to wildfire smoke. Panels b, d, and f: how
the excess duration, excess mean Oz , and excess peak O3 change across alternative thresholds for

defining an Og extreme episode. The main analysis uses a threshold of 60 ppb (denoted by a star).
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Figure S16: Contributions of smoke to different sub AQI index of O3 and PMy 5. The
plot shows the percentage of smoke-driven and not smoke-driven person-days in each of five AQI

categories (x-axis), 2006-2023, separately for O3 (panel a) and PMs 5 (panel b).
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Figure S17: Misclassification of smoke AQI days if only smoke PM, 5 is considered.
The plot shows the distribution of person-days on smoke-driven days across the true AQI category
(determined from both PMy 5 and Os, x-axis) and the AQI category that would be reported from
PMa 5 alone (y-axis). Percentages are calculated within each column, so each true AQI category
sums to 100%. Cells on the diagonal (orange) are days for which a PMg5-only AQI reports the

correct category. Cells below the diagonal (purple) are the bad AQI days that would be missed if
contributions from smoke O3 were ignored.
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Figure S18: Varying correlations between daily smoke PMs 5 and smoke O3 across dif-
ferent smoke PM, 5 levels. Panels a—d illustrate the Pearson correlation coefficients between
daily smoke PMs 5 and smoke O3 within four smoke PMs 5 concentration ranges: (a) 0-5 pg/m?,
(b) 5-15 pg/m3, (c) 15-50 pug/m?, and (d) > 50 pg/m?.
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Figure S19: Geographic distribution of population by race and ethnicity. The plot illus-
trates the share of population for the five racial and ethnic groups across the contiguous United
States, including Asian, Black, Hispanic, White, and Other/Unknown. The color scale represents

the population share (%) within each county belonging to the respective group.
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Figure S20: Geographic distribution of population by income deciles. Each panel illustrates
the share of population for income deciles, ranging from income rank = 1 (lowest income) to income
rank = 10 (highest income). The color intensity represents the population share (%) within each

county belonging to the respective income decile.
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Figure S21: Non-linear relationship between smoke PMs 5 and smoke O3 across different

distances to the closest fire.

The boxplots illustrate the distribution of daily smoke Og at

different daily smoke PMs 5 bins across different distances to the closest fire: thick black lines

represent the medians, box edges denote the 25th and 75th percentiles, and whiskers extend to the
10th and 90th percentiles. The solid red lines represent a LOESS regression fitted to the medians
of each box. The vertical dashed blue lines indicate the smoke PMs 5 threshold at which smoke O3

concentrations reach their maximum value (i.e. the turning points). Fire distances are calculated

as the distance from the grid cell to the closest fire point on the same day.
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Figure S22: Results across alternative smoke-day identification thresholds that exclude

low smoke PMj ;5 days from the smoke-day sample. The plot shows how outcome variables

change as the sample is restricted to smoke days with estimated daily smoke PMa 5 > 2 pg/m? (x-

axis). Outcomes examined include the number of identified smoke days (panel A), estimated annual

and warm-season population-weighted smoke O3 (B and C), the smoke contribution to annual design

values (D), the total population in O3 nonattainment areas (E), and the additional population in

nonattainment areas due to wi

al. 2024 (56).

ldfire smoke (F). Smoke PMj 5 estimates are derived from Childs et
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