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Abstract 14 
 15 
Prescribed fire is increasingly proposed as a policy strategy to reduce wildfire risks, but evidence of its 16 
effectiveness in lowering fire severity and smoke emissions remains limited in the western US. We 17 
empirically demonstrate that areas treated with prescribed fire and subsequently burned during 18 
California’s extreme 2020 wildfire season showed a -14% net reduction in smoke emissions, though 19 
these treatments were less effective near populated areas. Our findings suggest that expanding 20 
prescribed fire use can meaningfully reduce smoke emissions, even when factoring in smoke from the 21 
prescribed fires themselves. The proposed policy of treating one million acres annually in California 22 
could reduce overall smoke emissions by 655,000 metric tons over the next five years—equivalent to 23 
52% of the emissions from 2020 wildfires. Our results also suggest that broader application of 24 
prescribed fires can provide benefits in mitigating severe wildfire impacts and improve air quality in 25 
fire-prone regions worldwide.  26 
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Introduction 27 

Due to a warming climate, a legacy of fire suppression, and population growth in the wildland-urban 28 
interface (“WUI”), the western United States has seen a recent rise in extreme wildfire seasons(1–3). 29 
Large wildfires can irreversibly alter ecosystems (4), destroy human-built environments (5), and cause 30 
poor air quality and health problems due to smoke particulate matter (PM2.5) (6, 7). Prescribed (“Rx”) 31 
burning is increasingly proposed as a mitigation strategy to reduce the risk and intensity of future 32 
wildfires, including a national investment of nearly $2 billion toward the reduction of hazardous fuels 33 
using Rx burns and other treatments (H.R.5376) (8) and a California plan to treat one million acres 34 
annually by the end of 2025 (9). However, there is limited systematic, quantitative evidence of the 35 
efficacy of Rx burning in reducing fire severity and overall smoke emissions.  36 
 37 
Despite the potential benefits of Rx fires to reduce future wildfire severity and smoke, their 38 
implementation in the western US remains limited (10). While indigenous practices and strategies across 39 
the US demonstrate the advantages of Rx fires for ecosystem management (11–13), public acceptance in 40 
the western US is hindered by concerns over smoke impacts and escaped fires (14). Additionally, 41 
climate warming has reduced the calendar windows for safe Rx burning, complicating efforts to manage 42 
wildland fire risks (15, 16). The primary policy focus of Rx fire management in the western US has been 43 
to protect communities in the WUI, which presents issues ranging from efficacy to equity (17). The 44 
spread of homes into wildfire-prone areas (18) and rapidly rising vapor pressure deficit in the WUI (3) 45 
amplifies these risks. Wealth disparities mean that while wealthier homeowners may afford home-46 
hardening measures, poorer districts struggle with the associated costs (19). Furthermore, although Rx 47 
fires generally produce less smoke and have higher combustion efficiency on average compared to 48 
wildfires (20, 21), Rx fires can still negatively impact air quality and disproportionately affect 49 
vulnerable communities (22). In contrast to mechanical thinning—which primarily reduces canopy 50 
density and removes smaller ladder fuels that contribute to crown fire behavior—Rx fire consumes litter 51 
and understory shrubs, thereby reducing future fire intensity (23). Existing research lacks a clear method 52 
to quantify the trade-offs between Rx fires and future wildfire risk reduction, leaving a gap in 53 
understanding the overall benefits versus the potential public health costs. 54 
 55 
Evidence on the net effects of Rx burning in the western US is limited and primarily derived from a 56 
small number of case studies conducted before the 2018 wildfire season. Globally, most studies on Rx 57 
fires take place in North America (24), with additional studies focusing on regions in Australia (25, 26), 58 
the Mediterranean (27), and Africa (28). These works include characterizing Rx fire effects on wildfire 59 
smoke emissions (29) and severity (30), but none assess empirically the impact of Rx fires on burn 60 
severity and smoke emissions from subsequent wildfires. A recent meta-analysis by Davis et al. (2024) 61 
examines 40 publications evaluating wildfire severity in both Rx fire-treated areas and untreated 62 
controls for wildfires spanning from 1994-2016 and the Dixie Fire in 2021 in the western US (30). 63 
Using mixed severity metrics (e.g., crown scorch height, percent canopy cover change, burn severity 64 
derived from satellite imagery), they find that Rx burns reduced severity by 62% relative to untreated 65 
areas. Most of these experimental designs compared fire risks, severity, and intensity between areas 66 
treated with Rx fires and untreated areas, accounting for variations in fire weather, slope, topography, 67 
and land cover types. However, these studies do not include information about smoke emissions, 68 
treatment sizes, and other environmental covariates such as proximity to the WUI. The WUI, where 69 
human development and undeveloped wildland vegetation meet, is the area where fires pose the greatest 70 
risk to people due to the proximity of flammable vegetation (31). Most observational studies occur at the 71 
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scale (~1000 m2) of a forest canopy (e.g., (32)), with few results addressing PM2.5 smoke during recent 72 
severe wildfire seasons.  73 
 74 
Data on Rx fires are limited, so a variety of assumptions are made that lead to potential spatiotemporal 75 
discrepancies. Low-intensity fires are often used as proxies for Rx fire treatments (33), although these 76 
fires are frequently ignited by lightning as opposed to humans (34) and generally have different seasonal 77 
trends (35). Lightning-ignited fires tend to occur more frequently with convective events such as 78 
thunderstorms and over specific orographic features such as mountain ranges (36) but are relatively 79 
random with respect to proximity to the WUI (37). In contrast, Rx fire planning typically has specific at-80 
risk communities in mind (17). In modeling Rx fires, few observational constraints exist, requiring 81 
studies to rely on historical projections of Rx fires (38) or to create hypothetical case studies (39, 40). 82 
Moreover, most regional modeling efforts use resolutions greater than 10 km even though most Rx fires 83 
cover less than 100 acres (approximately 0.4 km²), underscoring the need for high-resolution analysis. 84 
 85 
Here, we empirically assess the effects of Rx fire treatments on burn severity in the western US and 86 
PM2.5 emissions in California during the extreme 2020 wildfire season. We use high-resolution satellite 87 
data (upscaled to 30m) from Sentinel-2A and Landsat platforms, historical land management records 88 
from the National Fire Plan Operations and Reporting System (NFPORS), detailed wildfire emissions 89 
data from the Wildfire Burn Severity and Emissions Inventory (WBSE) (41) and Rx fire emissions data 90 
from a reclassified FINNv2.2 inventory (21). We develop a quasi-experimental design to compare Rx 91 
fire-treated areas with adjacent control areas defined in this study (Fig. 1). We define treated areas based 92 
on Rx fire records from Fall 2018 to Spring 2020, using 186 treatments in areas (average size of 55 93 
acres) that subsequently burned in wildfires in 2020. We then create buffers around point locations to 94 
represent treated areas, with buffer size equal to reported treated acreage, and designate “control areas” 95 
using concentric buffers outside the treated zones, of equal acreage to the treated area. We then quantify 96 
whether subsequent burn severity (measured at the pixel level using the differenced Normalized Burn 97 
Ratio, dNBR) and PM2.5 smoke emissions during 2020 wildfires differed between treated and control 98 
areas, using a regression approach that controls flexibly for land cover type, past fire activity, and 99 
whether sampled pixels were in the WUI (Materials and Methods). In essence, our approach assumes 100 
that absent treatment, a pixel treated with Rx fire would have had the same burn severity and PM2.5 101 
emissions as a nearby untreated pixel, conditional on the controls. Finally, we estimate the net effect on 102 
PM2.5 emissions per acre burned by Rx fires in California – i.e. the tradeoff between additional 103 
emissions from Rx fire and reduced emissions from subsequent wildfires – along with the implications 104 
for a dramatic near-term scaling of Rx fire efforts, as is currently being proposed in the state. 105 



 

 4 

 106 

 107 
Fig 1. Approach to estimating the impact of Rx fire on burn severity, using the Creek Fire as an 108 
example. The Creek Fire perimeter contains 30m pixels of dNBR values from Sentinel-2 with higher 109 
values in dark red indicating more severe burns. Blue dots represent Rx fire treatment locations recorded 110 
by NFPORS (n=59) from October 2018 to May 2020. Insets (a, b) show zoomed-in views of our 111 
randomly generated, treatment buffers centered on the NFPORS coordinates (blue dots), and the 112 
surrounding control buffers (cyan dots) buffers.   113 
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Results 114 
 115 
Efficacy of Rx burning in the western US 116 
 117 
When investigating the 2020 wildfire season, we find that Rx fire treatments in the two years prior to a 118 
wildfire significantly reduced burn severity and smoke emissions (Fig. 2a). On average across the western 119 
US, Rx fire-treated areas show a reduction of -15.6 [-23.6, -7.6]% (p<0.001) in burn severity compared to 120 
control areas. In California, Rx fire treatments lead to a -101 [-220, 18.4] kg per acre (p<0.1) decrease in 121 
smoke PM2.5 emissions, with similar reductions observed in burn severity (-17.0 [-25.8, -8.2]%, p<0.001) 122 
(Table S1). Increasing the circular buffer size around treatments and controls slightly reduces the 123 
magnitude of these estimates but does not alter their direction or statistical significance (Table S2). 124 
 125 

 126 
Fig 2. Impact of Rx fire treatments on burn severity and smoke emissions. (a) All sample estimates 127 
of burn severity and smoke PM2.5 emissions reduction in Rx fire-treated areas compared to control areas 128 
during the 2020 wildfire season. (b) Comparison of estimates using NFPORS (treatment and control 129 
circular buffers), CAL FIRE (treatment perimeters, control circular buffers), and the "overlap" (treatment 130 
and control circular buffers) subset of NFPORS inside CAL FIRE perimeters. Maps show overlaps for a 131 
single fire (Creek Fire), and the table of estimates shows pooled treatment effect estimates across all fires 132 
for which we have data. (c) Results from 100 randomized placebo treatments demonstrate that our 133 
estimates of the treatment effect of Rx fires are extremely unlikely to occur by chance (p<0.001). The blue 134 
line on the empirical cumulative distribution function (ECDF) plots outlines the distribution density and 135 
the red line corresponds to our estimates from (a).   136 
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We conduct a number of analyses to test the robustness of these primary results. Fig. 2b shows the 137 
comparison of our experimental sampling (Fig. 1) to more precise Rx fire perimeters from the California 138 
Department of Forestry and Fire Protection (CAL FIRE). Our sampling method creates Rx burn area 139 
polygons by generating a circular buffer around the geographic point location based on the reported burn 140 
area from NFPORS. This sampling strategy likely mischaracterizes the precise Rx treated area. To 141 
understand whether this mis-measurement matters, we use the more precise CAL FIRE perimeters for the 142 
more limited set of treatments in those data, constructing adjacent control buffers and estimating treatment 143 
effects in the same manner. For this more limited set of perimeters in California, we estimate a reduction 144 
in burn severity by -35.6 [-48.1, -23.1]% (p<0.001) and in smoke PM2.5 emissions by -263 [-492, -33.7] 145 
kg per acre (p<0.1). If instead of using these precise perimeters we estimated Rx fire treatment effects 146 
using our circular buffers at the same locations as CAL FIRE, burn severity is reduced by -28.6 [-43.9, -147 
13.3]% (p<0.1) while smoke PM2.5 emissions decreased by -49 [-237, 139] kg per acre (p=0.61). The latter 148 
PM2.5 estimate likely differs due to the smoothing effect of emission factors in the inventory, which 149 
reduces the ability to capture emission variability especially in severely burned areas where many CAL 150 
FIRE perimeters are located. 151 
 152 
To further understand whether our measured differences in burn severity and PM2.5 emissions between 153 
treated and adjacent control pixels could have occurred by chance, we run a set of placebo experiments in 154 
which, within the same fires, we estimate the “impact” of 100 placebo treatments and compare the 155 
distribution of these placebo estimates to our estimate of the true treatment effect of Rx fire (Materials 156 
and Methods). Fig. 2c displays our treatment effect estimate relative to the placebo distribution. For both 157 
burn severity and smoke emissions, our treatment effect estimate is entirely outside the distribution of 158 
placebo treatment effects, which are themselves centered on zero as expected – indicating that our 159 
estimated treatment effects are highly unlikely to happen by chance in our data.   160 
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Characterizing land treatments in the western US 161 
 162 
Our findings reveal that Rx fire treatments are significantly more effective in reducing burn severity 163 
compared to mechanical thinning. Fig. 3a shows that across the western US, Rx fire treatments reduce 164 
burn severity by -27.4 [-44.0, -10.8]% (p<0.001), whereas mechanical thinning treatments only reduce 165 
burn severity by -7.7 [-18.2, 2.8]% (p=0.15). These results are consistent with Davis et al. (2024), which 166 
found mechanical thinning to be 35% less effective in reducing burn severity in subsequent wildfires than 167 
Rx fire treatments. Rx fire consumes a wide range of fuel types including fine fuels and larger woody 168 
debris, whereas mechanical thinning targets larger vegetation and thus often leaves behind smaller fuels 169 
(42). 170 
 171 

 172 
Fig 3. Comparative efficacy of wildfire management strategies. (a) Estimates of burn severity 173 
reduction in Rx fire-treated buffers compared to control buffers during the 2020 wildfire season, by 174 
treatment type, land cover, and whether the treated area was in the wildland-urban interface (WUI). (b) 175 
Same, for PM2.5 emissions reduction. (c) Disaggregated statistics for treatment type (Rx fire vs. 176 
mechanical thinning) inside and outside of the WUI.  177 
 178 
In forest ecosystems, land management treatments including Rx fire and mechanical thinning significantly 179 
reduce both burn severity and smoke emissions (Fig. 3a, b). Specifically, these treatments reduce burn 180 
severity by -15.0 [-24.7, -5.3]% (p<0.001) and smoke PM2.5 emissions by -103 [-224, 17.9] kg per acre 181 
(p=0.09). In barren areas where vegetation accounts for less than 15% of total cover, treatments 182 
significantly reduce burn severity by -31.3 [-58.0, -4.6]% (p=0.03) but the effect on smoke PM2.5 183 
emissions is minimal (-26 [-373, 321] kg per acre, p=0.89). In shrublands, the impact of treatments on 184 
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burn severity is not significant (1.4 [-8.8, 11.6]%, p=0.79) but there is a significant reduction in smoke 185 
PM2.5 emissions (-198 [-405, 8.7] kg per acre, p=0.06). 186 
 187 
We find that Rx fire treatments are less effective within the WUI compared to outside it (Fig. 3a-c). 188 
Treatments inside the WUI reduce burn severity by -8.5 [-21.1, 4.1]% (p=0.19) and reduce smoke PM2.5 189 
emissions by -34 [-244, 176] kg per acre (p=0.75). In contrast, treatments outside the WUI significantly 190 
reduce burn severity by -20.3 [-30.6, -10.0]% (p<0.001) and reduce smoke PM2.5 emissions by -125 [-255, 191 
4.7] kg per acre (p=0.06). On average, the number of acres treated is larger inside than outside the WUI 192 
(p<0.001, Fig. S1). Fig. 3c indicates that most treatments outside the WUI use Rx fire, while treatments 193 
inside the WUI predominantly use mechanical thinning. Statistical tests confirm that Rx fire outside the 194 
WUI significantly reduces burn severity, whereas other combinations of WUI designation and treatment 195 
type do not. 196 
 197 
Net Rx burning effects and future projections 198 
 199 
We quantify the net impact of Rx fire treatments on smoke emissions, considering both the emissions 200 
from Rx fires themselves and subsequent prevented smoke from future wildfires (Materials and Methods). 201 
Emissions from Rx fires are derived from a reclassified FINNv2.2 source-specific inventory of daily PM2.5 202 
emissions and emissions from wildfires are from the WBSE inventory. We use these data and our results 203 
to calculate three quantities: (quantity 1) the ratio of emissions from an average acre of Rx fire versus an 204 
average acre of wildfire; (quantity 2) the per-acre reduction in emissions during a wildfire resulting from 205 
having done a previous Rx treatment in an area that subsequently burned; these estimates are used to 206 
calculate the emissions benefits of a dramatic near-term scaling of Rx fire efforts that is currently being 207 
considered in California (9); and (quantity 3) the ratio of total emissions from conducting an Rx burn to 208 
total emissions had that burn not happened, accounting for emissions from the Rx burn itself, and the 209 
probabilistic benefits that burn has on subsequent wildfire emissions. This last ratio is our preferred 210 
estimate of the expected net benefits from implementing Rx fire.211 
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 212 
Fig 4. Net effects and projections of Rx fire treatments on smoke emissions in California.  213 
(a) The net smoke PM2.5 effects from prior Rx fire treatments in the Creek and Slater Fires in terms of 214 
both PM2.5 emitted from these Rx burns and potential PM2.5 saved during these wildfires. (b) The 215 
proportion of treated land that subsequently burned in wildfires from a reclassified FINNv2.2 emissions 216 
inventory from 2012-2020, with an adjusted net smoke PM2.5 savings estimate incorporating that, on 217 
average, 75% of Rx fire treatments eventually burn. (c) Projecting the potential PM2.5 emission reductions 218 
if Rx fire treatments are scaled up to one million acres in California by CAL FIRE as mandated by the 219 
Governor’s Wildfire and Forest Resilience Task Force, with emissions comparisons to other large 220 
wildfires during 2020. 221 
 222 
We find that the net effects of Rx fires result in overall emission savings, though estimated total savings 223 
from observed Rx fires are small, given their limited implementation. The Creek and Slater Fires in 224 
California contain 66% of all NFPORS treatments in this study and align most closely with observations 225 
from the reclassified FINNv2.2 emissions, while other wildfires in California had too few Rx fire 226 
observations that overlapped between the datasets. We calculate the fire-specific effect of Rx fire 227 
treatments on smoke emissions estimates and observed decreases in both the Creek (-246 kg per acre, 228 
p=0.07) and Slater (-293 kg per acre, p=0.08) Fires. Fig. 4a shows that the Creek and Slater Fires emitted 229 
213,000 tons of PM2.5 smoke. We estimate that the 122 NFPORS treatments occurring prior to these two 230 
fires reduced smoke emissions by 630 tons. Inventory estimates suggest the Rx fires at these locations 231 
emitted 144 tons of smoke, yielding a net savings of 486 tons of smoke emissions. Although this subset 232 
of treatments yields a net smoke savings, the scale of the treatments is much less than even 1% of the total 233 
wildfire emissions. 234 
 235 
By design, our study considers Rx fires that subsequently burned in a wildfire. Estimating the net 236 
emissions effect of future Rx fires, however, requires accounting for the fact that not all Rx-burned 237 
locations will subsequently burn in a wildfire, at least in the near term. We calculate that on average 75% 238 
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of the land treated by Rx fire burns in a wildfire within the next eight years (Fig. 4b, Fig. S2). We use this 239 
value to adjust our estimate of the net emissions savings from Rx fire (Fig. 4a). Using this adjustment, we 240 
find that Rx fires yield a net savings of 364 tons. Rx fire smoke only constitutes 17% of the smoke 241 
emissions from a wildfire in the same areas (quantity 1). We calculate a -33.7% reduction in wildfire 242 
emissions due to an earlier Rx fire (quantity 2, Materials and Methods Eq. 6). Compared to a 243 
counterfactual scenario where no Rx fire treatments are applied (quantity 3, Materials and Methods Eq. 244 
4), the application of Rx fire (quantity 3, Materials and Methods Eq. 3) results in a net -14% reduction in 245 
overall PM2.5 smoke emissions (quantity 3, Materials and Methods Eq. 5).  246 
 247 
By scaling our net effect of Rx fire treatments per acre, we estimate that treating one million acres of land 248 
in California, as mandated by the Governor’s Wildfire and Forest Resilience Task Force, would result in 249 
288,000 tons of emissions from the Rx fires themselves. Over the next five years—reflecting a balanced 250 
timeframe between our Rx fire burn window (three years; 2018-2020) and our calculation of reburn 251 
potential (eight years; 2012-2020)—these treatments would reduce emissions in subsequent wildfires by 252 
943,000 tons, resulting in a net reduction of 655,000 tons of PM2.5 smoke emissions. We base this 253 
projection on a treatment year comparable to 2018, reflecting accumulated fuel loads and moderate to high 254 
wildfire activity. These reductions are substantial relative to total emissions in extreme wildfire years like 255 
2020. Fig. 4c shows that scaling our net Rx fire effect estimates to one million acres would save more 256 
smoke than the emissions from four Creek Fires and two August Complex Fires, the latter of which burned 257 
over a million acres. This projected net reduction includes both the smoke emitted and the smoke saved 258 
by Rx fires. The wildfire smoke saved from doing these Rx fires constitute 52% of the total emissions 259 
from the 2020 wildfire season. 260 
 261 
 262 
Discussion  263 
 264 
Using data on 186 recent Rx fire treatments across the western US, we find that Rx fire treatments 265 
effectively reduced burn severity and future smoke emissions from wildfires during the historically 266 
active 2020 wildfire season. Our estimates are not driven by differences in land cover or previous fire 267 
history between Rx fire-treated areas and adjacent controls, and a placebo exercise indicates our 268 
treatment effects are highly unlikely to arise by chance.  269 
 270 
There are at least three reasons why our main estimates could be a lower bound on the benefits of Rx 271 
fire on subsequent burn severity and emissions. First, our comparison of NFPORS data and a smaller set 272 
of more precise CAL FIRE perimeters (Fig. 2b) suggests a more substantial reduction in burn severity 273 
and smoke emissions where Rx fire treatments are estimated precisely. However, we cannot rule out the 274 
possibility that CAL FIRE treatments differ in some important way from treatments in other locations or 275 
jurisdictions. Second, our approach to estimating the treatment effects of Rx fire within subsequently 276 
burned wildfire perimeters could underestimate beneficial spillovers from treated areas to neighboring 277 
untreated areas, either because treatments reduced severity or emissions in nearby “control” regions that 278 
we constructed, or because treatments limited the spatial extent of the wildfire itself. In either case, our 279 
approach of comparing treated pixels to neighboring untreated pixels – designed to ensure that these 280 
pixels are otherwise similar absent treatment – could lead us to understate the benefits of Rx fire. 281 
Finally, to estimate the benefits of substantially scaled Rx fire treatments across California, we account 282 
for the fact that not all Rx fire-treated areas subsequently burn in wildfires. However, our calculation of 283 
the percentage of Rx fire-treated areas that subsequently burn is based on a limited (eight-year) temporal 284 
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sample and likely underestimates the true probability of near-term reburn. Higher estimates of reburn 285 
probability would lead to higher estimated benefits from Rx fire and our calculation of the net reduction 286 
in overall smoke emissions are specific to two large, representative wildfires (Creek, Slater) with a 287 
sufficient number of reported Rx fire treatments. While our results indicate a net savings in smoke 288 
emissions from Rx fires, it should be noted that Rx fires release smoke that can adversely affect human 289 
health and disproportionately affect vulnerable communities as highlighted in prior studies (e.g., Afrin 290 
and Garcia-Menendez, 2021). 291 
 292 
The relatively greater effectiveness of Rx fire in reducing burn severity, compared to mechanical 293 
thinning, aligns with previous findings (30). This effectiveness is attributed to Rx fire's ability to address 294 
a wider range of fuel types and disrupt fuel continuity across landscapes, creating patches of burned and 295 
unburned areas that may reduce the spread and intensity of future fires (Fig. 3a). In contrast, mechanical 296 
thinning primarily targets larger vegetation such as trees and shrubs, often leaving smaller fuels on the 297 
ground. While it may reduce vegetation density, mechanical thinning may not create the same level of 298 
fuel discontinuity as Rx fire (43). We find that land management treatments are more effective in 299 
reducing burn severity in forest ecosystems likely due to the heavier fuel loads in forests, which 300 
typically generate more smoke and heightened burn severity. The effects in barren areas are minimal due 301 
to the limited availability of combustible fuel, while shrublands are likely significant in reducing smoke 302 
emissions due to the combustion of smaller and more easily ignitable fuels. Our study does not account 303 
for weather variables at the time of treatment, nor does it differentiate between types of vegetation 304 
within land cover categories. 305 
 306 
The reduced effectiveness of Rx fire within versus outside the WUI highlights the challenges of 307 
implementing effective Rx fire in areas with dense human populations and infrastructure. There may be 308 
several factors related to the WUI that are not fully understood or captured here, which could limit the 309 
impact of Rx fires in these areas. These factors might include the application of Rx fire mixed with other 310 
methods such as thinning, weather conditions at the time of ignition, and National Environmental Policy 311 
Act (NEPA) mitigation requirements. Moreover, the need to adopt extremely cautious approaches—due 312 
to factors concerning community smoke exposure, the risk of escaped Rx fires, and the higher density of 313 
structures—could further reduce the treatment's overall effectiveness in the WUI. 314 
 315 
The net effects of Rx fire treatments estimated in our analyses indicate potential emission savings, 316 
accounting for both smoke emissions of Rx fire and prevented smoke from future wildfires (Fig. 4). 317 
While the current scale of Rx fire treatments in the western US is relatively small, California plans to 318 
scale up to treating 400,000 acres annually using Rx fire by 2025. This goal, shared among state, federal, 319 
tribal, and local entities, is part of a broader objective to treat one million acres annually across 320 
California (9). Meeting this goal may be challenging, as CAL FIRE treated on average only 30,000 acres 321 
annually with Rx fire from 2018 to 2023 (https://www.fire.ca.gov/our-impact/statistics, last access: 27 322 
August 2024)—just 7.5% of its 400,000 acres goal. However, if met, the smoke savings are likely to be 323 
substantial: Not only do our analysis suggest that such a program is likely to reduce a large fraction of 324 
the smoke emissions in California (Fig. 4), but the smoke savings achieved in California may also 325 
represent a significant reduction in wildfire smoke exposure across the western US, given the 326 
importance of California as a source of wildfire smoke for other regions (10, 44).  327 

https://www.fire.ca.gov/our-impact/statistics
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Materials and Methods 328 
 329 
Rx Fire and Land Management Datasets 330 
 331 
The National Fire Plan Operations and Reporting System (NFPORS) fuels treatment database is 332 
maintained by the US Department of the Interior (DOI) collaboratively with the US Department of 333 
Agriculture (DOA). NFPORS reports Rx fires with a resolution as fine as 1 acre (~0.004 km²). It records 334 
whether a treatment is accomplished in the WUI, the size of the treatment in acres, the category of 335 
treatment (e.g., Rx fire, mechanical thinning), along with unique treatment IDs. Our analysis is focused 336 
on the 2020 extreme wildfire season. We use historical records of Rx burn locations from October 2018, 337 
when comprehensive geolocated data on Rx burned areas first became available, through May 2020, 338 
using Rx burns that overlap with subsequent wildfires during the 2020 wildfire season (July-November). 339 
Starting in 2018, these data are available as point data and an accompanying acreage (but do not contain 340 
treatment polygons). To map wildfire perimeters, we use the Monitoring Trends in Burn Severity 341 
(MTBS) (45) database, which uses 30m Landsat imagery to define the final fire (polygon) perimeters 342 
and assess burn severity for all fires over 1,000 acres (~4 km²) in the western US (46). We find that 255 343 
NFPORS treatments intersect with 14 wildfires, with 6 of these wildfires located in California (Table 1). 344 
After removing overlapping treatment locations in space, we have 186 unique NFPORS treatments.  345 
 346 
Table 1. Characteristics of 2020 Wildfires Overlapping with NFPORS Treatments. 347 

Wildfire (State) State Ignition date Acres burned NFPORS acres treated 
(number of treatments)  

August Complex CA 2020-08-17 1,032,648 1,716 (73) 
Bobcat CA 2020-09-06 115,997 217 (5) 
Bush AZ 2020-06-13 193,455  534 (1) 
Cameron Peak CO 2020-08-13 208,663 738 (20) 
Creek CA 2020-09-05 379,895 1,519 (81) 
East Fork UT 2020-08-21 89,568 1,909 (10) 
Lake CA 2020-08-12 31,089 8 (1) 
Mangum AZ 2020-06-08 71,450 7,814 (6) 
Medio NM 2020-08-17 3,775 43 (1) 
Mullen WY 2020-09-17 176,878 342 (5) 
Phillips Creek ID 2020-08-05 2,112 552 (1) 
Sheep CA 2020-08-17 29,570 668 (7) 
Slater CA/OR 2020-09-08 157,220 872 (41) 
Superstition AZ 2020-08-20 9,539 183 (3) 

 348 
 349 
NFPORS did not report geolocated information on burned areas before the fall of 2018 and only 350 
provided longitude and latitude information without final treatment perimeters. As a result, we construct 351 
random sampling strategies (detailed in a following section) to estimate the effects of land management 352 
treatment in the absence of provided perimeter information. Additionally, we compare our data to the Rx 353 
fire perimeters dataset (https://map.dfg.ca.gov/metadata/ds0397.html) from CAL FIRE. The CAL FIRE 354 
dataset includes perimeters from multiple agencies and provides associated data such as project number, 355 
start date, and acres reported. However, the CAL FIRE dataset reports a fraction of the treatments done 356 
by the DOI and DOA. For example, NFPORS reports 115 unique treatments within the Creek Fire 357 

https://map.dfg.ca.gov/metadata/ds0397.html
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perimeter between 2018 and May 2020, while CAL FIRE reports only 36 treatment perimeters, despite 358 
all treatments being conducted by or in collaboration with the DOA. The NFPORS dataset reports 359 
general treatment types (e.g., Fire vs. Mechanical) as well as subtypes for specific land management 360 
techniques: machine pile burn, broadcast burn, biomass removal, thinning, crushing, fire use, lop-and-361 
scatter, and chemical treatments. While these treatment subtypes are important for understanding which 362 
techniques result in more effective reductions in fire severity and smoke emissions, we focus on general 363 
treatment types due to greater statistical power and balanced sample sizes. Nevertheless, we provide 364 
coefficient estimates for these specific techniques, divided into areas inside and outside the WUI, in 365 
Table S3. The Rx fire treatments we report here may include mixed methods, such as mechanical 366 
thinning followed by burning (e.g., pile burning), whereas the mechanical treatments exclusively omit 367 
the use of fire. 368 
 369 
 370 
Satellite Datasets 371 
 372 
We employ a burn severity gridded dataset derived from the Sentinel-2A satellite. We use the Google 373 
Earth Engine (GEE) cloud computing platform (47), which hosts Sentinel-2 Level 2A data containing 13 374 
spectral bands with spatial resolutions ranging from 10 to 60m. We retrieve imagery from two weeks 375 
before and two weeks after a wildfire occurrence, as determined by MTBS perimeters and ignition dates. 376 
We exclude pixels with a greater than 65% probability of being obscured by cloud cover using the 377 
Sentinel-2 cloud probability 10m dataset on GEE. For each pre- and post-fire image, we calculate the 378 
Normalized Burn Ratio (NBR), a common spectral index for fire severity that approximates the burn 379 
effects by dividing the difference between the near-infrared (NIR; 835.1-833 nm) and shortwave 380 
infrared (SWIR; 2202.4-2185.7 nm) bands by their sum (48). We then calculate the differenced 381 
Normalized Burn Ratio (dNBR), which quantifies the fire-induced changes in vegetation greenness and 382 
landscape moisture content, by subtracting the post-fire NBR from the pre-fire NBR: 383 
 384 

𝑑𝑁𝐵𝑅	 = 	 (!"#!"#$%&"#$	&'"#!"#$%&"#
!"#!"#$%&"#(	&'"#!"#$%&"#

) − (!"#!'()$%&"#$	&'"#!'()$%&"#
!"#!'()$%&"#(	&'"#!'()$%&"#

)    Eq. 1 385 

 386 
The final dataset resolution is reduced to 30m to match the resolution of the other datasets used in this 387 
work. A negative dNBR value or value of 0 indicates no fire effect on vegetation, while increasingly 388 
positive dNBR values suggest higher burn severity. All dNBR values less than 0 were excluded from 389 
this analysis.  390 
 391 
For land cover classifications, we use the 2019 National Land Cover Database (NLCD), which is a 392 
Landsat-based dataset that uses digital change detection methods to identify changes in land cover, 393 
impervious cover, and forest canopy cover across the US (49). The data resolution is at 30m for the year 394 
2019, and we focus on three broad land cover types: forest, shrub, and barren.  395 
 396 
For elevation data, we use the NASA Digital Elevation Model (NASADEM), which is also at 30m 397 
resolution (50) and is a reprocessed version of Shuttle Radar Topography Mission data from 2000, with 398 
improved height accuracy and filled missing elevation data. Both NLCD and NASADEM data were 399 
retrieved and processed in GEE using MTBS perimeters.  400 
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Fire Emissions Datasets 401 
 402 
To estimate PM2.5 emissions from wildfire smoke, we use the Wildfire Burn Severity and Emissions 403 
Inventory (WBSE)  . WBSE is a severity-based emissions inventory that uses Landsat imagery to 404 
calculate burn severity through dNBR. The Moderate Resolution Imaging Spectroradiometer (MODIS) 405 
and Visible Infrared Imaging Radiometer Suite (VIIRS) active fire detections, with spatial resolutions of 406 
1 km and 375 m respectively, are used to determine the day of burning for each pixel. Vegetation types 407 
and emission factors are informed by California-specific field studies to calculate smoke emissions. 408 
WBSE provides a 30m resolution for event-based emissions in California, covering the six California 409 
fires listed in Table 1. Although WBSE is limited to California, it offers the highest resolution PM2.5 410 
smoke emissions data with a strong correlation to burn severity metrics. 411 
 412 
To estimate PM2.5 emissions from Rx fire smoke, we use a reclassified FINNv2.2 source-specific 413 
inventory of daily PM2.5 emissions from Rx fire across California (21). Schollaert et al. reclassified the 414 
FINN emissions inventory (51) data by spatially matching it with fire-type information from national 415 
and state-level fire and fuel treatment databases, including from CAL FIRE. The Rx fire emissions are 416 
provided at a daily 1 km resolution and have been validated using county-level estimates from the 417 
EPA’s National Emissions Inventory. 418 
 419 
 420 
Quasi-Experimental Design Sampling Strategy 421 
 422 
To evaluate the effects of Rx fire treatments on burn severity and PM2.5 emissions during the 2020 423 
wildfire season, we employ a quasi-experimental sampling design using location data from NFPORS. 424 
Our analysis aims to estimate these Rx fire impacts conditional on a wildfire occurring. We identify 425 
overlaps between land management areas treated in NFPORS from October 2018 to May 2020 and 426 
MTBS wildfire perimeters during the 2020 wildfire season. Based on these intersections, we develop a 427 
random sampling strategy to create treatment and control buffers around each set of coordinates, each 428 
buffer corresponding to the total acreage treated.  429 
 430 
We define the treatment area as a circular buffer centered on an NFPORS coordinate. We then define the 431 
control area as a concentric circle completely enclosing the treatment buffer, with its area equal to the 432 
treatment acreage but excluding the enclosed treatment buffer area. This design ensures that the control 433 
buffer captures areas directly outside the treatment zone while maintaining an equivalent acreage. (See 434 
Fig. 1 for a schematic illustration, and below for further details.)  435 
 436 
We generate 1000 random points within both the treatment and control buffers to capture the impact 437 
inside and outside each Rx fire treatment (Text S1). For each random point, we extract dNBR values 438 
from Sentinel-2A data, PM2.5 emissions from WBSE, and covariate information (land cover, elevation). 439 
The random points are seeded to ensure that the burn severity and air quality impacts at each sampling 440 
location are consistent. If there are multiple NFPORS treatments in the same location over time, we 441 
report the statistics of the largest treatment in terms of acreage. We did not observe multiple treatments 442 
in the same location with different methods of treatments over time (e.g., Rx fire treatment and then later 443 
mechanical thinning).  444 
 445 
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To test for robustness, we increase the size of the treatment and control buffers. We recognize that the 446 
control area might still be indirectly affected by the treatment, particularly if the treated area impacts 447 
nearby vegetation or other environmental variables. To account for potential spillover effects, we 448 
expand the area of both the treatment and control buffers by one-third. Such an adjustment can help to 449 
ensure that any treatment effects are distinguished from changes in the control areas. Additionally, to 450 
confirm that our method of assigning treated areas by buffering points is reasonable, we use CAL FIRE 451 
Rx fire perimeter data to compare treated and control areas within observed Rx fire perimeters. 452 
 453 
 454 
Causal Inference of Rx Fire Treatments 455 
 456 
We use regression analysis to evaluate the impact of Rx fire treatments on dNBR for all locations and 457 
PM2.5 emissions for all California fires listed in Table 1. We estimate the following regression: 458 
 459 
𝑦)* 	= 	𝛽𝐷)* 	+ 	𝜆𝑋)* 	+ 	𝛼* 	+ 	𝜀)*       Eq. 2 460 
 461 
where y represents either of our outcomes (dNBR or PM2.5 emission) measured at pixel i across our 186 462 
treatment locations d. Did represents a dummy variable for whether a given pixel was treated by an Rx 463 
fire treatment, Xid is our vector of control variables, which includes indicator variables for whether a 464 
given pixel was in the WUI, its land cover type, and whether it had burned in a previous fire, e is the 465 
error term, and a is a vector of dummy variables (separate intercepts, or “fixed effects”) for each 466 
“treated area” d, which includes both the Rx fire treated area as well as the surrounding control buffer 467 
for a single treatment. The inclusion of treated-area fixed effects ensures that we are only comparing 468 
directly adjacent treated and control pixels to one another and not comparing a treated pixel in one 469 
location to a distant control pixel. For each regression we report the 95% confidence interval, where 470 
standard errors are clustered at the treatment level. Furthermore, we identify areas treated with Rx fire 471 
between October 2018 and May 2020 that previously experienced wildfires between 2001 and 2015. We 472 
found five wildfire perimeters (Santiago Fire 2007, Station Fire 2009, Aspen Fire 2013, French Fire 473 
2014, Pickett Fire 2015) that intersected with 38 land management treatments found in NFPORS. For 474 
wildfires before 2015, we use Landsat 7 dNBR imagery. Performing similar treatment-control analyses 475 
with these buffers indicates that treated areas had a 12.5% increase (p<0.001) in burn severity compared 476 
to adjacent controls. To account for past fire history and isolate the effects of Rx fire treatments from 477 
legacy impacts, we control for these 38 treatment locations in the above regression.  478 
 479 
To test for whether Rx fire treatments have different effects inside or outside the WUI, we first limit our 480 
sample to either Rx fire or mechanical thinning treatments and then interact our treatment with an 481 
indicator (dummy variable) for whether the treatment was inside the WUI as designated by NFPORS. 482 
The coefficient and statistical significance of the estimate on the interaction tell us whether the treatment 483 
was larger in the WUI for a given type of treatment; these coefficients are reported in Fig 3c.  484 
 485 
To ensure the robustness of our sampling strategy, we perform several additional statistical checks and 486 
historical comparisons. We assess the distribution of covariates between treated and control pixels, 487 
examining variables such as elevation and land cover types. We conduct t-tests for differences in means 488 
and pixel-level regressions to identify significant differences. Covariates showing imbalance between 489 
groups are included as controls in the main regression estimates (Fig. S3, Tables S4, S5).  490 
 491 
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To help ensure that our approach to estimating the impact of Rx fire treatments is actually recovering the 492 
impact of treatment rather than random differences in burn severity or emissions that occur within a 493 
wildfire burn scar, we implement placebo tests. For each fire, we create 100 random hypothetical 494 
treatment locations with accompanying control buffers and compare the distribution of estimated 495 
“treatment effects” in these placebo treatment areas to our estimate of the impact of treatment in the true 496 
treated area(s) in that same fire. By comparing outcomes (PM2.5 and dNBR) of these placebo-treated 497 
pixels with actual treated pixels, we can assess whether our observed treatment effects might be 498 
attributed to random chance.  499 
 500 
To assess the net impact of Rx fire treatments on smoke emissions in California, we use estimates 501 
derived from our regression analysis. These estimates allow us to quantify the overall per-acre reduction 502 
in smoke PM2.5 attributed to Rx fire treatments by accounting for the Rx fire emissions themselves from 503 
the reclassified FINNv2.2 inventory from 2012 to 2020. We also identify grid cells where Rx fire 504 
emissions occurred in a given year and calculate if they overlapped with any wildfire emission grid cells 505 
at a subsequent timestep within a 5 km distance threshold. We then compute the percentage of Rx fire-506 
treated areas that remained unburned. We assume an emissions base year of 2018, which reflects 507 
moderate to high wildfire activity. In addition, we compute the total emissions with Rx burning, ERx: 508 
 509 
𝐸#+ = (1 − 𝑎)𝑥	 + 𝑎(𝑥	 + (1 − 𝑏)𝑦)      Eq. 3 510 
 511 
total emissions without Rx burning, ENoRx: 512 
 513 
𝐸!,#+ = 𝑎𝑦         Eq. 4 514 
 515 
and, the percent reduction in overall smoke emissions by conducting Rx fires: 516 
 517 
-*'+,	$	-+,

-*'+,
         Eq. 5 518 

 519 
Here, the x variable is the average emissions from an acre of Rx fire calculated by dividing the total 520 
emissions from the FINNv2.2 inventory divided by the acres burned by these fires. The y variable is the 521 
average emissions from an acre of wildfire burned, which we calculate by dividing the total emissions 522 
from our wildfire case studies (here, the Creek and Slater Fires) by the acres burned in Table 1 for these 523 
fires. The a variable is the proportion of Rx fire-treated areas that later reburned described above. The 524 
percent reduction in wildfire emissions due to an Rx fire, b, is calculated as follows: 525 
 526 
𝑏	 = 	 .	$	/

.
         Eq. 6 527 

 528 
where z is the fire-specific effect of Rx fire treatments on smoke emissions estimates and observed 529 
decreases for both the Creek and Slater Fires chosen due to data availability. Because Rx fire treatments 530 
in these two fires produced different estimates, we take the weighted average based on acres treated in 531 
NFPORS for Creek (1519 acres) and Slater (872 acres). The a(1−b)y term describes the overlap of Rx 532 
fire and wildfire emissions, accounting for the fact that if an area reburns it will emit a reduced amount 533 
of wildfire smoke because Rx fire treatment had already occurred. If Eq. 5 is less than 1, Rx fires result 534 
in a net savings of smoke emissions, whereas a value greater than 1 indicates that the Rx fires contribute 535 
more to smoke emissions than they mitigate during subsequent wildfires. Finally, we scale up these per-536 
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acre emission reductions to align with the target treatment of 1 million acres mandated by California’s 537 
Wildfire and Forest Resilience Task Force. 538 
 539 
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Supporting Information Text 705 
 706 
Text S1. We establish buffer zones around the treated coordinate for sampling. We convert the reported 707 
treatment acreage a into square meters (1 acre = 4046.86 m²) and calculate the buffer radius r with the 708 
formula: 709 
 710 

𝑟 = 80
1
         Eq. 1 711 

 712 
We then design a larger control buffer 𝑟 ∗ √2 (approximately ~141% of the original radius). This control 713 
buffer is constructed around the convex hull of each treatment area and then the treatment buffer is 714 
subtracted from the control buffer, resulting in a set of points located outside the immediate treatment 715 
zone.   716 
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 717 

 718 
Fig. S1. Log distribution of acres treated inside the WUI and outside. Mean acreage sizes are reported as 719 
vertical lines.  720 
 721 
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 722 
Fig. S2. Total area burned by Rx fires in California according to the reclassified FINNv2.2 inventory (1) 723 
and the proportion later reburned within the same timeframe.  724 
  725 
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 726 

 727 
Fig. S3. Distribution imbalances in covariates between treated and control groups. Land cover, 728 
elevation, and WUI designation are subsequently added as controls in all regressions. 729 

730 
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Table S1. Coefficient estimates for burn severity and smoke emissions. 731 
 dNBR - All (%) dNBR - CA (%) PM2.5 - CA (kg acre–1) 
 Estimate  

[95% CI] Pr(>|t|) Estimate  
[95% CI] Pr(>|t|) Estimate  

[95% CI] Pr(>|t|) 

Pooled Estimate -15.6  
[-23.6, -7.6] <0.001 -17.0  

[-25.8, -8.2] <0.001 -101  
[-220, 18.4] <0.10 

Rx fire -27.4  
[-44.0, -10.8] <0.001 

-27.9  
[-39.7,  
-16.1] 

<0.01 -31  
[-168, 106] 0.37 

Mechanical Thinning -7.7  
[-18.2, 2.8] 0.15 -2.3  

[-16.6, 12.0] 0.76 -79  
[-263, 105] 0.40 

Barren -31.3  
[-58.0, -4.6] 0.03 -32.1  

[-60.0, -4.2] 0.03 -26  
[-373, 321] 0.89 

Developed -39.6  
[-58.0, -21.2] <0.001 -39.5  

[-58.5, -20.5] <0.001 232  
[-156, 620] 0.24 

Forest -15.0  
[-24.7, -5.3] <0.001 -16.6  

[-27.4, -5.8] <0.01 -103  
[-224, 17.9] 0.09 

Grassland -9.4  
[-27.2, 8.4] 0.31 -13.1  

[-32.2, 6.0] 0.19 -189  
[-489, 111] 0.23 

Shrub 1.4  
[-8.8, 11.6] 0.79 0.3  

[-10.9, 11.5] 0.97 -198  
[-405, 8.7] 0.06 

Inside WUI -8.5  
[-21.1, 4.1] 0.19 -10.3  

[-24.7, 4.1] 0.17 -34  
[-244, 176] 0.75 

Outside WUI -20.3  
[-30.6, -10.0] <0.001 -20.5  

[-31.7, -9.3] <0.001 -125  
[-255, 4.7] 0.06 

 732 
  733 
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Table S2. Coefficient estimates for burn severity and smoke emissions for larger treatment and control 734 
buffer definitions. 735 

 dNBR - All (%) dNBR - CA (%) PM2.5 - CA (kg acre–1) 
 Estimate  

[95% CI] Pr(>|t|) Estimate  
[95% CI] Pr(>|t|) Estimate  

[95% CI] Pr(>|t|) 

Pooled Estimate -11.5  
[-17.6, -5.4] <0.001 -12.9  

[-19.7, -6.1] <0.001 -84  
[-159, -9.4] 0.03 

Rx fire -17.6  
[-25.0, -10.2] <0.001 

-20.7  
[-29.1,  
-12.3] 

<0.01 -75  
[-167, 16.6] 0.12 

Mechanical Thinning -2.5  
[-14.3, 9.3] 0.67 -3.1  

[-15.5, 9.3] 0.63 -35  
[-155, 84.8] 0.57 

Barren -24.9  
[-41.2, -8.6] <0.001 -25.2  

[-41.7, -8.7] <0.01 -126  
[-240, -12.4] 0.03 

Developed 
-27.0  
[-43.3,  
-10.7] 

<0.001 
-27.1  
[-42.7,  
-11.5] 

<0.001 -130  
[-265, 5.2] 0.06 

Forest -11.8  
[-19.0, -4.6] <0.001 

-13.2  
[-13.3,  
-13.1] 

<0.01 -43  
[-121, 35.2] 0.28 

Grassland -5.7  
[-18.8, 7.4] 0.40 -11.4  

[-24.4, 1.6] <0.10 -5.0  
[-198, 188] 0.96 

Shrub 1.5 
[-6.5, 9.5] 0.72 2.2  

[-6.6, 11.0] 0.62 -154  
[-295, -12.8] 0.04 

Inside WUI -5.6  
[-15.6, 4.4] 0.27 -8.1  

[-19.7, 3.5] 0.17 -70  
[-218, 77.6] 0.35 

Outside WUI -15.3  
[-23.2, -7.4] <0.001 

-15.5  
[-23.9,  
-7.1] 

<0.001 -91 
 [-174, -8.4] 0.03 

 736 
  737 
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Table S3. Coefficient estimates for burn severity for NFPORS subtypes for all of the western US. 738 
Subtype dNBR - All (%) dNBR - Inside WUI (%) dNBR - Outside WUI (%) 

 n  
[acreage] 

Estimate 
[95% 
CI] 

Pr(>|t|) n  
[acreage] 

Estimate 
[95% CI] Pr(>|t|) n  

[acreage] 

Estimate 
[95% 
CI] 

Pr(>|t|) 

Pile Burn 114 
[3184] 

-24.1 
[-34.9,  
-13.4] 

<0.001 38 
[1549] 

-12.9 
[-32.6, 
6.7] 

0.21 79 
[1699] 

-28.3 
[-40.1,  
-15.7] 

<0.001 

Broadcast 
Burn 3  

[3746] 

-18.1 
[-37.9, 
74.0] 

0.59 2 
[3636] 

6.3 
[1.9,10.7] 0.22 1 

[110] 

-114 
[-131,  
-97.3] 

<0.001 

Biomass 
Removal 5  

[687] 

-1.7 
[-24.2, 
20.8] 

0.89 2 
[589] 

-19.7 
[-19.8,  
-19.5] 

<0.001 3 
[89] 

9.3 
[4.0, 
14.6] 

0.07 

Thinning 39  
[2443] 

17.8 
[-12.6, 
17.8] 

0.74 24 
[2182] 

4.7 
[-22.2, 
12.8] 

0.60 18 
[281] 

18.9 
[-4.4, 
42.1] 

0.13 

Machine 
Pile 9 

[433] 

-41.5 
[-57.6,  
-25.5] 

<0.001 6 
[414] 

-28.6  
[-60.0, 
2.8] 

0.13 3 
[19] 

-41.4  
[-72.2,  
-10.6] 

0.12 

Crushing 3 
[56.5] 

-14.6 
[-81.6, 
52.5] 

0.72 3 
[56.5] 

-14.6 
[-81.6, 
52.5] 

0.72    

Fire Use 3 
[558] 

-26.1 
[-38.7,  
-13.5] 

0.06    3 
[558] 

-26.1 
[-38.7,  
-13.5] 

0.06 

Lop and 
Scatter 7 

[101] 

27.4 
[-24.8, 
79.6] 

0.34 3 
[27.3] 

72.4 
[6.8, 138] 0.16 4 

[74] 

-7.1 
[-26.8, 
12.5] 

0.53 

Chemical 13 
[242] 

3.3 
[-22.6, 
16.0] 

0.74 5 
[78.9] 

-14.5 
[-53.4, 
24.5] 

0.51 8 
[163] 

3.2 
[-18.1, 
24.5] 

0.78 

 739 
  740 
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Table S4. T-tests for differences in dNBR means for land cover types across the western US.  741 
Land Cover  Estimate Estimate1 Estimate2 Statistic P value Parameter 95% CI 
Barren 0.00929 0.0645 0.0552 9.41 4.97e-21 230310 0.00736, 0.0112 
Developed -0.00076 0.0381 0.0389 -0.940 3.47e-1 229347 -0.00233, 0.000818 
Forest 0.0403 0.587 0.546 19.5 8.96e-85 229300 0.0362,  

0.0443 
Grassland -0.0182 0.0211 0.0393 -25.5 9.18e-143 205501 -0.0196,  

-0.0168 
Shrub -0.0308 0.288 0.319 -16.1 4.60e-58 228680 -0.0345,  

-0.0270 
 742 
 743 
Table S5. T-tests for differences in dNBR means for land cover types in California 744 

Land Cover  Estimate Estimate1 Estimate2 Statistic P value Parameter 95% CI 
Barren 0.00932 0.0731 0.0638 8.22 1.98e-16 198174 0.00715, 0.0115 
Developed -0.00170 0.0431 0.0448 -1.85 6.50e-2 196246 -0.00351, 0.000106 
Forest 0.0543 0.567 0.512 24.3 4.72e-130 196611 0.0500,  

0.0587 
Grassland -0.0184 0.0204 0.0388 -24.0 4.05e-127 173199 -0.0199,  

-0.0169 
Shrub -0.0436 0.296 0.339 -20.8 3.07e-96 195467 -0.0477,  

-0.0395 
 745 
 746 
 747 


