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Abstract 1 

In mid-July 2026, numerous fast-burning wildfires affected western Ontario and northern 2 
Minnesota, resulting in extensive smoke plumes across eastern North America. Here, 3 
we conduct a rapid attribution analysis of the 14–21 July smoke event, quantifying the 4 
change in wildfire smoke (WFS) PM2.5 concentrations and mortality compared to a 5 
counterfactual world without anthropogenic climate change (ACC). We find that ACC 6 
increased WFS PM2.5 concentrations by approximately three-fold. As a result, population 7 
exposure to regulatory exceedances of WFS PM2.5 concentrations (>35 µg/m3) 8 
amounted to 268 million person-days, of which 157 million are attributable to ACC. We 9 
estimate 770 excess deaths attributable to observed WFS PM2.5 exposure, a three-fold 10 
increase compared to a counterfactual world without ACC. This rapid impact-attribution 11 
assessment of WFS PM2.5-related mortality provides a methodological framework for 12 
quantifying the ACC contribution to other acute air pollution episodes globally. 13 
 14 
Main Text 15 
 16 
Introduction 17 
 18 
In mid-July 2026, widespread wildfires burned in western Ontario and northern 19 
Minnesota, resulting in extensive wildfire smoke (WFS) and unhealthy levels of fine 20 
particulate matter (PM2.5) air pollution across eastern North America (ENA) (1). This 21 
event was reminiscent of the extreme 2023 Canadian wildfire season, when 22 
unprecedented fire activity produced widespread smoke impacts across densely 23 
populated regions of ENA (2–4). The recurrence of extreme smoke episodes, combined 24 
with demonstrated linkages between anthropogenic climate change (ACC) and wildfire 25 
activity, has raised urgent questions about future trajectories of air quality in this region 26 
and the associated health impacts (3). 27 
 28 
Acute exposure to WFS is associated with a wide range of health impacts, including 29 
cardiopulmonary diseases and premature mortality (5, 6). These impacts can occur far 30 
from the fires due to long-range smoke transport (7, 8). Despite growing adoption of 31 
attribution methods in climate science, including prior studies that quantify the ACC 32 
contribution to WFS and mortality (9), to our knowledge no prior studies have quantified 33 
the contribution of ACC to WFS-associated mortality tied to specific wildfire events. 34 
Here, we quantify the extent to which ACC amplified WFS population exposure and 35 
associated mortality over ENA in mid-July 2026. 36 
 37 
Methods 38 
 39 
We conduct our attribution analysis over the region of ENA most impacted by WFS 40 
during the July 2026 event (36°–52°N, 100°–60°W). For burned area (BA), we analyze 41 
13–16 July which represents the main burning period, while smoke accumulation and 42 
transport in the atmosphere occurred over the following week. We therefore analyze 14–43 
21 July for WFS exposure and mortality. We first model 2026 BA over western Ontario 44 
and northern Minnesota, where the vast majority of BA occurred during the event (Fig. 45 
1A), by constructing an ensemble of 11 univariate linear regression models that use five 46 
variables at different temporal lags from the ERA5-Land reanalysis (10) as predictors. 47 
These variables are vapor pressure deficit (VPD), Fire Weather Index (FWI), Fine Fuel 48 
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Moisture Code (FFMC), Duff Moisture Code (DMC), and Drought Code (DC). We then 49 
estimate what the preindustrial, or “counterfactual,” BA would have been by removing 50 
the ACC influence on the predictors using a suite of 12 climate models from the Coupled 51 
Model Intercomparison Project Phase 6 (CMIP6) (11), that each had at least three 52 
ensemble members, and rerunning the regression models with the counterfactual 53 
predictor estimates. From these, we obtain a scaling factor for WFS PM2.5 by dividing 54 
actual modeled BA by the counterfactual BA. Next, we retrieve analysis fields of near-55 
surface WFS PM2.5 concentrations from the High-Resolution Rapid Refresh smoke 56 
model (HRRR-Smoke) at 3-km resolution (12), and adjust these concentrations 57 
downward for the counterfactual scenario using the scaling factor. Finally, we estimate 58 
excess mortality attributable to actual and counterfactual WFS PM2.5. This is done by 59 
feeding actual and counterfactual WFS PM2.5 into a concentration-response function 60 
(CRF) designed for modeling excess mortality associated with PM2.5 exposure. For the 61 
counterfactual, we report exposure and mortality derived from the CMIP6 multi-model 62 
mean (MMM) and the interquartile range (IQR) across the modeled counterfactual 63 
estimates. (See SI Appendix, Supplemental Methods for details).  64 
 65 
Results 66 
 67 
During 13–16 July, wildfires burned 3642 km2 of mostly boreal forest in western Ontario 68 
and northern Minnesota, representing the largest 4-day BA over this region in the 2001–69 
2026 period and larger than all but three previous annual totals (Fig. 1A). Counterfactual 70 
modeling reveals that BA would have been lower by a factor of 2.86 (IQR: 1.38–4.97) 71 
without the influence of ACC (Fig. 1B). Assuming linear scaling between BA and WFS 72 
PM2.5, we estimate that ACC increased WFS PM2.5 concentrations by this factor during 73 
the smoke event. Severe and widespread air quality impacts occurred across ENA 74 
during the following week, peaking on 16–18 July (Fig. 1C,E,G). These concentrations of 75 
WFS PM2.5 exceeded federal air quality standards (>35 µg/m3, hereafter ‘exceedances’) 76 
across >1 million km2 on each of these days. However, extents would have been 77 
substantially smaller in a counterfactual world, with a 76% reduction on 18 July (Fig. 78 
1H).  79 
 80 
During 14–21 July, exposure to WFS PM2.5 exceedances totaled 267.85 million person-81 
days compared to 111.12 million (IQR: 39.23–223.19 million) in the counterfactual, 82 
equating to 157 million (IQR: 45–229 million) additional person-days directly attributable 83 
to ACC (Fig. 2A–B). We estimate that exposure to observed WFS PM2.5 across all 84 
concentrations resulted in 770 excess deaths during 14–21 July compared to 276 85 
excess deaths (IQR: 160–564) in the counterfactual, a nearly three-fold increase (Fig. 86 
2D–E). However, these results are highly sensitive to the choice of CRF used (13), with 87 
mean estimates of 393–1410 excess deaths in the actual scenario and 139–516 excess 88 
deaths for the counterfactual, depending on the CRF. Among states and provinces, New 89 
York experienced the greatest smoke impacts from this event, with 55 million person-90 
days of exposure to WFS PM2.5 exceedances and an estimated 153 attributable excess 91 
deaths, which would have been 46% and 64% lower, respectively, absent ACC (Fig. 92 
2C,F). 93 
 94 
Discussion  95 
 96 
In mid-July 2026, widespread WFS from western Ontario and northern Minnesota 97 
impacted densely populated regions of ENA. We estimate that ACC approximately 98 
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tripled BA and WFS PM2.5 concentrations, leading to 157 million (IQR: 45–229 million) 99 
additional person-days of exposure to WFS PM2.5 exceedances and 494 (IQR: 206–610) 100 
additional excess deaths. The threefold increase in BA and WFS PM2.5 that we attribute 101 
to ACC, compared to the counterfactual, is consistent with both the expected response 102 
in flammability-limited fire regimes in boreal forests and ACC influence on fuel aridity 103 
metrics (14). For example, earlier spring snowmelt lengthens the seasonal drying period 104 
while hotter temperatures promote increases in atmospheric and fuel aridity that can 105 
directly increase BA and associated smoke impacts in populated regions (2).   106 
 107 
We note two main caveats to our rapid attribution analysis. First, we scale WFS PM2.5 by 108 
the ACC-attributable change in BA rather than directly simulating smoke emissions, 109 
chemistry, and transport. This smoke event resulted from a combination of extreme heat, 110 
winds, and dry fuels that drove record-breaking BA in western Ontario and northern 111 
Minnesota that were followed by a large-scale atmospheric flow configuration conducive 112 
for smoke transport into densely populated urban centers; potential ACC-driven changes 113 
to such large-scale atmospheric dynamics are not explored herein. Second, we use 114 
simple but reproducible linear models of annual BA that capture a range of fuel aridity 115 
metrics and temporal lags, but may not capture more complex processes specifically tied 116 
to fuels, ignition, and fire behavior. Nevertheless, our results suggest that ACC 117 
substantially contributed to the extreme fire extent underpinning the July 2026 smoke 118 
event over ENA and the resulting public health burden.  119 
 120 
The extension of rapid attribution analyses to direct human impacts is an emerging area 121 
of focus for attribution science (15). By propagating the influence of ACC from BA and 122 
WFS PM2.5 concentrations directly to population exposure and mortality associated with 123 
the July 2026 smoke event using near-real time data, we provide an event-specific 124 
estimate of the health burden attributable to ACC for this extreme event. Applying this 125 
approach after other high-impact smoke events can help place their immediate public 126 
health consequences in the context of a changing climate and could inform policy 127 
discussions to mitigate adverse outcomes in the future. More broadly, this framework 128 
could be adapted to other extreme events that have quantifiable linkages to direct and 129 
indirect human health impacts. 130 
 131 
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 133 
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Fig. 1. Actual and counterfactual (CF) BA and PM2.5. (A) Total estimated BA from 184 
MODIS during 13–16 July, 2026, in the three EPA Level III ecoregions (blue polygons) 185 
considered in this analysis. Inset text shows total BA year-to-date and during 13–16 July, 186 
and inset panel shows total annual and peak 4-day BA during 2001–2026 over this 187 
domain. Dashed lines show corresponding 2001–2025 means (1994 km2 and 584 km2, 188 
respectively). (B) Median fractions of actual to CF BA (“scaling factors”) from an 189 
ensemble of 12 CMIP6 models and the multi-model mean. Each CMIP6 model’s fraction 190 
is derived from an ensemble of 11 univariate BA models utilizing maximum time-191 
averaged VPD, FWI, DMC, FFMC, and DC over the year trained over 2002–2024 (inset 192 
panel; fractions represent median value across the CMIP6 models for each variable). 193 
Numbers next to variable names represent the time-averaged length in days (See SI 194 
Appendix, Supplemental Methods). (C–H) Actual (left column) and CF (right column) 195 
WFS PM2.5 concentrations during 16–18 July, 2026. Inset text shows continental areas 196 
exposed to >35 µg/m3 of WFS PM2.5 in actual and CF scenarios.  197 
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 198 
Fig. 2. Exposure to and excess mortality from WFS PM2.5. (A–B) Total exposure (in 199 
million person-days) to WFS PM2.5 >35 µg/m3 during 14–21 July, 2026, at the level of 200 
counties (US) and census divisions (Canada) in (A) actual and (B) CF scenarios. White 201 
colors represent zero exposure. Inset text boxes show total exposure in person-days. 202 
(C) As in (A–B), but showing the top-10 largest states/provinces ranked by actual 203 
exposure. Error bars show the IQR of CF exposure estimated from the CMIP6 model 204 
ensemble. (D–F) As in (A–C), but for excess mortality attributable to WFS PM2.5.  205 
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Supplemental Methods 206 
 207 
Actual versus counterfactual BA and WFS PM2.5 208 
 209 

We develop an ensemble of empirical annual climate-BA models for the combined 210 
region encompassing three Environmental Protection Agency (EPA) North American 211 
Level III ecoregions (1) that accounted for nearly the entirety of the fire emissions of the 212 
event (regions 5.1.2, 5.1.5, and 5.2.1; Fig. 1A). Satellite-derived BA data are sourced 213 
from the Moderate Resolution Imaging Spectroradiometer (MODIS) during 2001–2026 214 
(2), while meteorological data are retrieved from ERA5-Land. We derive five variables 215 
from ERA5-Land: VPD and four variables from the Canadian Forest Fire Danger Rating 216 
System (CFFDRS) (3) – FWI, FFMC, DMC, and DC. MODIS BA data are used to display 217 
the time series of annual and peak 4-day BA over the three combined ecoregions 218 
(2001–2026; Fig. 1A inset) and for the climate-BA modeling (2002–2024, described 219 
below).  220 
 221 

Following (4), we consider 30 univariate climate-BA models from the combinations of 222 
these five variables and six different timescales (maximum 7-, 15-, 30-, 60-, 90-, and 223 
150-day rolling averages) during 2002–2024 (Eq. 1):  224 
 225 
 log(𝐵𝐴!) = 𝛼 + 𝛽𝑋 + 𝜀                         (1) 

Where BAi is the BA in year i, X is the predictor variable, and ε is the error term. These 226 
models are chosen over more complex models for parsimony and because multivariate 227 
models added little explanatory power. While prior studies have used a single climate-228 
BA model in similar efforts (5), our use of an ensemble of climate-BA models can 229 
capture uncertainties stemming from the choice of predictor variable used. Consistent 230 
with the flammability-limited fire regimes of the region, the models relate measures of 231 
fuel dryness and fire weather to annual BA. The models also include an error term (ε) to 232 
account for residual information not present in its predictor variable (e.g., quantity and 233 
location of lightning ignitions, fuel abundance, suppression efforts) that shape observed 234 
BA variability. We approximate variables for 2026 (e.g., 90-day maximum FWI) by using 235 
corrected year-to-date data through 31 August, 2026. The correction is performed by 236 
linearly regressing year-to-date (through 31 August) and annual values during 2002–237 
2024, and adjusting 2026 data to its expected annual values based on these linear 238 
relationships. 239 
 240 

From the 30 different climate-BA model combinations considered, we retain models 241 
based on two criteria: (i) capture at least 40% of the interannual variability in BA in the 242 
region during the 2002–2024 training period (R2 ≥ 0.4), and (ii) modeled interquartile 243 
range (formed by resampling ε from the historical residual errors n = 23 times) for 2026 244 
includes the estimated observed BA from MODIS. A total of 11 of the 30 possible 245 
climate-BA models met these criteria (see Fig. 1B inset).  246 
 247 

Next, we calculate counterfactual estimates of the variables used for modeling 2026 BA 248 
using a low-pass filter approach (5). First, output is retrieved from 12 different climate 249 
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models participating in CMIP6 that had at least three ensemble members for both 250 
historical (1850–2014) and SSP2-4.5 (2015–2100) experiments for the requisite 251 
variables for computing CFDDRS metrics and VPD. For each of the 12 models, model 252 
means are calculated across the ensemble members to isolate anthropogenic forcing 253 
from internal variability. Next, anomalies relative to a quasi-preindustrial climate (1850–254 
1900) are calculated based on these 12 model means, and a 50-year low pass 255 
Butterworth filter is applied to these anomalies for each model, variable, month, and 256 
location. This further minimizes internal variability (on <50 year timespans) from 257 
ensemble mean results (6). Lastly, we calculate a multi-model mean (MMM) of the ACC 258 
response by averaging anomalies across the models. These 13 estimates (12 models 259 
and 1 MMM estimate) are bilinearly interpolated to the same resolution as the ERA5-260 
Land data, and used to adjust ERA5-Land data on daily time scales to create 261 
counterfactual meteorological data. From these counterfactual meteorological values, 262 
counterfactual VPD and CFFDRS metrics are derived and used as input to the climate-263 
BA models (eq. 1).  264 
 265 

We calculate a scaling factor based on the ratio of modeled actual BA (using ERA5-Land 266 
data for 2026) to counterfactual BA (using counterfactual climate for 2026) for each 267 
combination of i) climate-BA model and ii) CMIP6 model’s counterfactual climate. 268 
Differences across both climate-BA models and counterfactual estimates from the 269 
CMIP6 model suite provide a means to identify uncertainty in the resultant ACC BA 270 
signal (e.g., VPD metrics show much higher scaling factors than those from CFFDRS 271 
metrics). For each of the 12 CMIP6 models, we compute the actual to counterfactual BA 272 
fraction from each of the 11 climate-BA models and then calculate their median fraction, 273 
which ranges from 1.05–15.17 across the CMIP6 models (Fig. 1B). The MMM fraction is 274 
calculated similarly but using the MMM estimates across the 11 climate-BA models and 275 
serves as the central estimate of our scaling factor (2.86) for the WFS and mortality 276 
analyses. To quantify uncertainty, we use the IQR of the scaling factor from the CMIP6 277 
model suite (1.38–4.97).  278 
 279 

Next, we retrieve hourly analysis fields of near-surface WFS PM2.5 from HRRR-Smoke 280 
during July 2026, and divide these concentrations by the three scaling factors 281 
representing the 25th percentile, mean, and 75th percentile of the CMIP6 model suite 282 
(1.38, 2.86, and 4.97). This approach preserves the spatial structure of observational 283 
PM2.5 concentrations but modifies concentrations downward. We note that this approach 284 
assumes a linear scaling of PM2.5 with BA, which is likely conservative as fuel 285 
consumption and fire emissions per unit BA generally increase with fuel aridity (7).  286 
 287 
To validate our approach, we repeat the climate-BA modeling analysis using fire PM2.5 288 
emissions from the 5th version of the Global Fire Emissions Database (GFED5) for 289 
2002–2022 (8) and the near-real-time (NRT) extension to GFED5 (GFED5NRT) for 290 
2023–2026 (9). Results are similar with largely the same univariate models retained as 291 
in the climate-BA modeling (not shown). Similarly, the MMM scaling factor for actual to 292 
counterfactual PM2.5 emissions is 2.57 (IQR: 1.30–3.49), comparable to the 2.86 (IQR: 293 
1.38–4.97) scaling factor derived from BA. We retain the climate-BA modeling results 294 
and associated actual to counterfactual scaling factors in our analysis due to the more 295 
consistent historical availability of BA data. 296 
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 297 
Actual versus counterfactual exposure and excess mortality  298 
 299 

Finally, we estimate exposure and excess mortality associated with the July 2026 smoke 300 
event. We select the 14–21 July period as this captures the full temporal extent of 301 
widespread WFS exposure.  302 
 303 

For descriptive purposes, we quantify exposure to WFS in person-days for smoke-304 
specific PM2.5 concentrations >35 µg/m3, which represents the EPA regulatory standard 305 
in the US. Given that these concentrations represent only the WFS component, actual 306 
PM2.5 concentrations were higher when factoring in background pollution sources.  307 
 308 

The excess mortality analysis uses an R programming language-based version of 309 
BenMAP, a publicly-available software used by the EPA that calculates health outcomes 310 
due to air pollution exposure (10), and is conducted at the county-level for the US and 311 
for census divisions in Canada. Baseline population and mortality data are retrieved from 312 
BenMAP for the US, then the baseline mortality incidence is divided by population for 313 
each county to estimate a mortality rate (person-1 year-1), and averages of these rates 314 
are calculated for each county across 2006–2020. For Canada, the baseline mortality 315 
rate (per 1000 people) is retrieved from Statistics Canada (11) for 2020–2024 for each 316 
province from which average rates are derived. Unlike for US data, here we use a 317 
temporally static population data layer for 2016 at 10-km resolution (12). This population 318 
data layer is intersected with the census division shapefile to compute total population 319 
and average mortality rate per census division. We focus on acute mortality for this rapid 320 
attribution analysis while acknowledging the potentially much larger chronic mortality 321 
associated with large-scale WFS events, as demonstrated during the 2023 Canadian 322 
wildfire season (13); a substantial chronic mortality burden may similarly result from this 323 
event. 324 
 325 

Next, for each administrative unit, we derive the spatial and temporal 3-day (lag 0–2) 326 
average PM2.5. To calculate excess daily mortality from short-term WFS PM2.5 exposure, 327 
we use concentration-response functions for all-cause mortality associated with a 10 328 
µg/m3 increase in short-term exposure to WFS PM2.5 (14). Note that unlike the exposure 329 
analysis, here we use all days regardless of WFS PM2.5 concentration (i.e., we do not 330 
use the >35 µg/m3 threshold). To capture uncertainty in the choice of risk ratio (RR) 331 
associated with each CRF, we select three different RR values from Chen et al. (14) – 332 
US-specific (1.010), North America (1.005), and global (1.019). The global values 333 
originate from the observed global response of mortality to exposure while in reality this 334 
would be expected to vary from country to country; thus this would likely lead to an 335 
overestimate of excess mortality when applied to North America. We elect to use the 336 
mean RR but not the 95% confidence interval spread, instead allowing uncertainty in 337 
excess mortality in our analysis to stem from the CMIP6 model spread.  338 
 339 

We apply the RR to the actual and counterfactual WFS PM2.5 data to estimate excess 340 
mortality from exposure (eq. 2–3):  341 
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 342 

 
𝛽 =

log(𝑅𝑅)
𝑖𝑛𝑐 	

 

                        (2) 

 343 
 Δ𝑌 = 51 − 𝑒"#⋅%&9 ∗ 𝑌' ∗ 𝑃𝑜𝑝                         (3) 

Where inc is the incremental increase in the exposure variable (here, 10 µg/m3), Δx is 344 
the change in acute exposure (total WFS PM2.5 for each day for this application), pop is 345 
the population, Yo is the baseline all-cause mortality rate, and ΔY is the number of 346 
attributable excess mortality cases. 347 
 348 
 349 
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