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The resources available for managing wildfire risk are insufficient and ultimately finite, while
the risk of catastrophic fires is enormous and growing. Prioritization of responses is thus critical,
but the basis for comparing the costs and societal benefits of alternative investments in wildfire
mitigation is inadequate. Here, we assess and compare the costs of landscape-scale fuel treatment
in California to the benefits of avoided destruction of property and smoke-related health impacts,
and identify areas where the net benefits are greatest statewide. We find that re-prioritizing
treatment areas could increase net benefits by a factor of more than 6.5 relative to historical
treatments, with average net benefits in the top decile of areas (i.e., 28,000 km?) of >$220k per
km? (as compared to an estimated $90k per km? of past treatments). By integrating physical,
epidemiological, and economic methods, our results reveal large opportunities for improving the
cost-effectiveness of fuel treatments, and demonstrate a general framework that can be applied
by land managers in all wildfire-prone areas. [165 words]

Rising temperatures and changing precipitation have increased the size, likelihood, and intensity of
California wildfires in recent decades'". At the same time, rapid growth of population and infrastructure
have exposed ever more people and physical assets to harm®’. The combined result has been a surge in
the economic and human health impacts of wildfire in California®, including not only the direct loss of

life and destruction of infrastructure but also the impact of wildfire smoke on human health®!?, multi-

14-16

billion dollar investments in wildfire suppression'*'®, increasing costs and unavailability of

17,18

insurance''®, rising electricity prices and disruptive power outages as utilities seek to prevent

1920 "and a loss of forest cover and associated ecosystem services?!. In many cases, these

22-25

ignitions
impacts disproportionately affect vulnerable and low-income populations

Among the proposed responses to California’s wildfire emergency is to drastically increase

2628 Common wildfire fuel treatments include

landscape-scale management of wildfire fuels
mechanical thinning and prescribed burning, in each case intended to reduce the size and severity of
fires by decreasing or altering the structure of vegetation®~*2. Between 2011 and 2020, the U.S. federal
and local state governments invested a combined $22.8 billion (in 2020 USD, excluding suppression
investment) to treat ~133,030 km? (32.9 million acres), of which 50,800 km? (38%) were treated by
mechanical or herbicide thinning, 73,150 km? (55%) by prescribed burning, and 9,080 km? (7%) by
other methods**-*. Since 2018, the area of fuel treatments in California has averaged 2,040 km? per

year®, at an average cost of ~$287 million®® per year (~$141k per km?).

Given recent increases in catastrophic fires, the U.S. Forest Service (USFS) and California
Department of Forestry and Fire Protection (CAL FIRE) plan to increase the combined scale of their
treatments to ~4000 km? annually by 2025 (~1M acres or 1% of the state)*’. Yet recent research has
suggested that as much as 80,000 km? (20M acres or about 20% of the state) would benefit from
sustained treatment®®, which would require decades of management even at the increased rate of
treatment and ignoring regrowth. Moreover, California fire risks are spatially heterogeneous, with
radically different vegetation, fire ecology, and exposed infrastructure and human population.
Prioritization of the areas treated is thus critical to maximizing benefits of treatment efforts. Prior studies

39-44

have evaluated the costs, applications, and limitations of different types of fuel treatments™** as well

44,50

as hazards to property*>*°, human life**>°, and human health and well-being®>!*’. However, those that

have sought to inform management priorities have generally focused on relatively detailed and localized

60,61

modeling of the likelihood®, spread risk®®, and projected severity®*! of wildfires; though some

researchers and policymakers have begun considering priorities more broadly®?. Here, we use a
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combination of machine learning, chemical transport, and epidemiological models to systematically
assess the economic costs and benefits of different types of fuel management at 0.01° x 0.01° (~1.11
km?) resolution across California, both for the present and in 2050 under a mid-range climate change
scenario (RCP4.5). We evaluate the benefits of avoided property destruction and smoke-related impacts
to human health, the latter of which has rarely been included in prioritization of fuel treatments. Our

analysis relies on spatially-explicit datasets of both historical and future vegetation and land cover®-%,

topography®’, canopy characteristic®®’, climatological meteorology’!"’* building density’>”’, road
density’®, population density”*, burn probability®":%2, fuel load®* and moisture®*, fire spread rate and
flame length®>%"°, historical treatment costs’® and the smoke emissions (PMys) from wildfires®* and
prescribed burns®*-’.

Details of our data sources and analytic approach are in the Methods. In summary, we first estimate
the cost of fuel treatments (mechanical thinning, manual thinning, prescribed burn, and other treatments;
see Table S1) for each 0.01-degree grid cell statewide using a machine learning model trained on
historical treatment costs and a range of physical characteristics (Fig. 1A, Fig. S1, and Table S2). We
then use a similar approach to estimate the PM, s emissions that would occur if a given grid cell were
to burn both in its current untreated state and after treatment by the lowest-cost method. In doing so, we
evaluate treatment-related changes in burn probability, fuel and canopy characteristics, and post-fire
behavior based on vegetation cover-specific values collected from literature; Fig. 1B, Table S5-S6, Figs.
S12-14). Next, we evaluate the damages from the PM» s emissions produced in each grid cell both with
and without treatment using atmospheric (GEOS-Chem) and epidemiological (BenMAP-CE’®) models
to estimate morbidity and mortality due to transported smoke given typical fire season meteorology and
downwind population densities, as well as direct destruction of any buildings present (assuming that
treatment could prevent the direct destruction of buildings; Fig. 1C). The economic value of health
impacts is evaluated following the U.S. Environmental Protection Agency’s default methods, and—
importantly—we also model the health impacts of smoke from prescribed burns based on observed
emissions from such managed fires and the different meteorological conditions that prevail during late
winter and early spring burn windows®*’ (see Text S1, Table S4 for details). Finally, we compare the
annual (year-1) economic costs and benefits of fuel treatment in each grid cell and identify priority areas
for management as those where the net benefits (i.e., less costs) are greatest. We also project changes
in the cost-effectiveness of fuel treatments in 2050 under climate change (specifically the
RCP4.5/SSP245 scenario in which global mean temperature increases by 2-3°C by the end of the
century; see Methods and Supplementary Material for details).

Spatial distribution of fuel treatment costs and benefits

The map in Figure 2A shows spatial patterns in the lowest estimated one-time treatment costs across
California (See Fig. S3 for a comparison of costs across different treatment types), ranging from as little
as $102k per km? (95% CI: $89k-$124k per km?) up to $4.79M per km? ($4.05M-5.68M per km?). Costs
are greatest in areas with higher vegetation cover and fuel load (e.g., Del Norte and Humboldt counties;
Fig. S4), steeper terrain (e.g., areas of the Sierra Nevada and Coast Ranges; Fig. S4), or more buildings
(e.g., San Diego). In particular, the high population and building density and complex topography in
Southern California (Fig. S4) necessitate either costly manual thinning or prescribed burns that have
their own health burden, leading to higher treatment costs in the region. Even when including treatment-
related damages to human health (i.e., smoke from prescribed burns) in treatments, we find that
prescribed burning is the lowest-cost treatment in most areas (covering 62% of areas where the
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probability of burning is greater than zero; Fig. S5, S17). However, mechanical thinning is less
expensive in some cases (19% of areas with non-zero burn probability, respectively), particularly in
Humboldt, Lassen, and also in Southeast counties where population densities in the wildland-urban
interface increase the health-related costs of prescribed burning.

Figure 2B shows the analogous distribution of year-1 benefits of treating different areas, based on
assumptions of fuel treatment efficacy on post-fire burn probability, behavior and vegetation
characteristics (Table S5-S6, Figs. S12-14). Note also that the benefits shown reflect both local and
remote effects, including benefits that may occur elsewhere (e.g., avoided health impacts in downwind
populated areas, Fig. S6). Estimated benefits of treatment range from $70k per km? ($61k-$81k per km?)
to $5.88M per km? ($5.35M-$7.36M per km?). The greatest benefits of treatment are concentrated in
areas with high vegetation cover and fuel loads—where the risks of large and smoky fires are high (e.g.,
northwest counties and regions surrounding the Sierra Nevada), or in areas with buildings and nearby
population centers (e.g., metropolitan areas of Southern California).

In turn, Figure 2C highlights the distribution of net benefits (one-time treatment costs less year-1
benefits). Overall, fuel treatments tend to be more beneficial in Northern California than Southern
California, primarily contributed by the substantial health-related benefits (Fig. S7). Notably, treatment
costs exceed benefits (by as much as $462k per km?) in many areas surrounding the Mojave Desert and
mountains of eastern San Diego County, where steep, hot, and dry terrain increases costs and sparse
population and property limits benefits (Fig. S4). In contrast, high burn probabilities and greater
densities of population and buildings in many counties of Central and Northern coastal California and
wildland-urban interfaces throughout the state correspond with substantial net benefits. Indeed, these
coastal areas and wildland-urban interfaces are among the areas where the net benefits of treatment are
greatest, along with areas of the heavily vegetated western Sierra Nevada slope upwind of large
population centers (top 1% in Fig. 2D). Next greatest in terms of net benefits are more widespread but
still heavily vegetated areas throughout the Sierra Nevada and forests of Northern California (top 10%
in Fig. 2D). We note that these estimates are conservative because they compare one-time costs to the
benefit in the year of treatment whereas prior work shows that risk reduction benefits for prescribed fire
in particular extend for up to 8 years (Table S7-S8).

To illustrate how treatment cost-effectiveness and its drivers vary across landscapes, Figure 3 shows
higher resolution maps (20 % 30 km) of three representative areas within California: a mostly-forested
area of Plumas and Sierra counties (Fig. 3a), an urban area of Los Angeles (Fig. 3b), and an area with
both urban development and open space near Santa Barbara (Fig. 3c). In each region, the previously
treated areas (cells with black outlines in Figs. 3d-f) frequently exclude areas with the greatest estimated
net benefits. Indeed, we estimate net costs (i.e. no net benefits) in >60% of the historical treatments in
these regions of Los Angeles and Santa Barbara, while many of the areas with high projected net
benefits have not been treated (Figs. 3d-3f).

The regional maps also reveal some key differences underlying the estimated net benefits. For
example, areas within the Plumas-Sierra region that are among the top 10% of net benefits statewide
(grid cells outlined in white) tend to be forested (i.e. dark green in Fig. 3a and dark blue in Fig. 3d),
with an average of 82% of those benefits in those areas related to avoided impacts of smoke on human
health (grid cells with white outlines in Fig. 3g). In contrast, those high priority areas in the mapped
areas of Los Angeles and Santa Barbara have more roads and buildings (orange and red in Figs. 3b and



129
130

131
132
133
134
135
136
137
138
139
140

141

142
143
144
145
146

147
148
149
150
151
152
153
154
155
156
157

158
159
160
161
162
163
164
165
166
167

non-peer reviewed EarthArXiv preprint

3c¢), but only slightly less (77% and 69%, respectively) benefits on average related to avoided health
impacts of smoke (Figs. 3h and 31).

There are also notable patterns in the least-cost treatment types and key cost drivers: although
prescribed burning tends to be most cost-effective treatment type in forested areas, in the areas of these
regions estimated to be among the top 10% of net benefits statewide (grid cells outlined in white)
mechanical or manual thinning are more often preferred (76%, 64%, and 54% in Plumas-Sierra, Los
Angeles, and Santa Barbara, respectively; Figs. 3j-1). Among these regions, prescribed burning is most
often recommended in the highest net benefit areas of Santa Barbara (46% of the top 10% areas; Fig.
31). Meanwhile, treatment costs in the areas with the highest net-benefits (the top 10%) tend to be most
sensitive to vegetation cover in all the regions, but there is considerable variability: only 51%, 30% and
43% of such areas are most sensitive to vegetation cover in Plumas-Sierra, Los Angeles, and Santa
Barbara, respectively (Figs. 3m-o).

Priority areas for treatment

Sorting treatable areas by their net benefits, we find that 60% of areas statewide have benefits
greater than costs and the top 10% have net benefits greater than $220k per km? (Fig. 4A). Priority areas
are commonly coastal and forested (Fig. 2A, Fig. S8). Moreover, of the areas with net benefits >$100k
per km?, 68% are federally managed and 29% are state managed® (yellow and purple in Fig. 4A,
respectively). Table S9 gives the magnitude of these priority areas by county.

Considering what may be fixed treatment budgets, the red curve in Fig. 4B shows the cumulative
estimated costs of treating areas, assuming areas with the greatest net benefits are prioritized. For
example, paying for $10B of treatment would allow the 40% of areas with the greatest net benefits to
be treated, with potential benefits of $26B (blue curve). In contrast, 26% of treatable areas have actually
been treated (or have burned in wildfires) over the past 12 years, at a total treatment cost of $14B (red
circle in Fig. 4B; see also Fig. S15) with estimated benefits of $15B (blue circle in Fig. 4B). Thus, the
average net benefit-to-cost ratios of historical fuel treatments in the state is 0.1 (see grey dashed line in
Fig. 4C), whereas the average ratio in areas where net benefits are in the top 10% is 10.1 (95% CI: 8.0
— 12.1); darker shaded bars in Fig. 4C). Indeed, we estimate that costs have exceeded benefits for a
number of areas that have been treated in the past, in some cases by a factor of ~10 (lower deciles of
net benefit in Fig. 4C).

As indicated in the results reported above and shown by shading in Fig. 4A, we calculate an overall
uncertainty of roughly +36% for net benefits. Systematically assessing the sensitivity of our results to
different variables, we find that population density, fuel condition (e.g., fuel load, fuel moisture),
treatment efficacy, canopy coverage and wind speed are the five most important. However, their
influence on estimated net benefit varies according to the type of treatment. In the areas we identify as
highest priority for treatment (i.e. the top decile), population density is the most important variable due
to its influence on estimated health impacts (purple bars in Fig. 4D). But treatment efficacy, fuel loading,
and canopy coverage are also quite important—especially in lower priority treatment areas—because
these variables strongly affect both prevention costs and fire emissions in the machine learning model
(green and blue bars in Fig. 4D).
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Climate-driven changes in treatment priorities

California's meteorological conditions and vegetation cover could change substantially under future
climate change, with concomitant effects on treatment costs, smoke emissions, and wildfire damage.
Figure 5 shows the consequences of moderate global warming (i.e. an SSP245 scenario in which global
mean temperatures rise by 2-3°C above pre-industrial levels by the end of the century) on the net
benefits of fuel treatments as of 2050. Overall, average net benefits increase by 15% in the future climate
relative to 2020, with maximum net benefits of $514k per km? and the cumulative net benefits of the
top decile increasing by 27% (Fig. SA). This is because higher temperatures, dry conditions, and slight
increases in vegetation cover projected under climate change are expected to increase the frequency and
severity of wildfires. These changes will increase the cost of fuel treatments, but not as much as they
increase the potential benefits, especially related to human health (Fig. 5A). Note that these results
assume no change in the scale or distribution of population and infrastructure; increases in exposed
people and infrastructure would further increase net benefits (and perhaps alter their spatial distribution).

Despite the assumption of static exposure, regional differences in net benefits increase under
climate change compared to the present. Given projected increases in the probability of wildfires in
Northern California (Fig. S17), the net benefits of fuel treatment exhibit an overall northward trend,
with the areas of greatest net benefits increasingly concentrated either nearby population centers or
thickly forested areas of the northwestern coasts and western slope of the Sierra Nevada mountains
(blue areas in Figs. 5B and 5C). In contrast, climate change will reduce the net benefits of treatments in
most desert areas and large swaths of the Shasta Cascades in Siskiyou, Trinity, and Tehama counties
(yellow and orange areas in Figs. 5B and 5C). The redistribution of treatment net benefits is closely
correlated with projected changes in canopy coverage® %" and burn probability (Fig. S17).

Discussion and Conclusions

Our results reveal considerable geographical heterogeneity in the net benefits of treating wildfire
fuels across California, even within a single region (see, e.g., the many neighboring orange and blue-
shaded areas in Fig. 2C). In particular, by assessing the avoided damages of smoke on human health in
downwind areas, high priority areas for treatment appear quite different from historical patterns of
treatment. Prioritizing future treatments based on our results could immediately increase net benefits
by a factor of 6.5 relative to past treatments.

The areas we identify in the top decile of net benefits are also divided almost evenly between areas
of federal and state responsibility (Fig. 4A). The distribution of priority areas is thus consistent with
USFS and CalFire goals to each treat about 2,000 km?/yr (combined 4000 km?/yr) in coming years. At
this rate, the areas in the top decile of net benefits could be treated within 8 years, with annual
expenditures and net benefits on the order of $42M and $375M per year, respectively (although both
expenditures and net benefits might increase under climate change; Figs. 4A and 5A). Moreover,
although the highest priorities are more commonly located in the northern part of the state, they are
distributed among counties (Table S9). However, the greatest benefits of treatments would be
concentrated in populated and/or developed areas (Fig. S4 and Fig. S6).

Our findings are subject to important uncertainties and limitations. First, although our analysis
includes a rigorous evaluation of potential smoke-related health impacts and builds on state-of-the-art
fire risk assessments, we make several simplifying assumptions. For example, the net benefits we report
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neglect the costs of needed re-treatment (i.e. they are one-time treatment costs)'”!, but also reflect only
single-year benefits to human health and property. However, in a series of sensitivity analyses we show
that accounting for multi-year benefits (in areas where treatment effects persist for years) has relatively
little effect on the treatment priority of different areas (Figs. S10-11). For example, across these tests,
the areas with the highest 1% of estimated net benefits varied by only 6%. Of course, the overall
magnitude of estimated net benefits increases substantially when including multi-year benefits, which
may bolster the case for larger scale treatments. It is worth noting that our assumptions about the
persistence of treatments in these tests is based on dominant vegetation in different areas; future work
might thus improve upon our methods by exploring and quantifying heterogeneity in retreatment costs
and persistence of benefits, as well as future changes in the spatial distribution of population and
buildings (which we also neglect in assessing changes in net benefits under climate change).

Second, we focus on damages to buildings and human health by smoke-related PM, s if a given grid
cell burns, which neglects other infrastructure (e.g., power lines, roadways, water systems), other health
risks (e.g., exposure to ozone and other toxins, or the exacerbating effects of heat), and nature (e.g.,
endangered and symbolically important species such as giant sequoia trees, and ecosystem services
such as recreation and water quality) —all productive topics for further exploration. Similarly, although
our analysis incorporates spatially heterogeneous burn probabilities and treatment efficiencies, it does
not capture dynamic feedbacks in fuel characteristics and wildfire risk resulting from fuel treatments
and fire events. For instance, we do not model changes in burn probability due to treatments in
neighboring areas or repeated wildfires. Likewise, our approach does not include ecological trade-offs
in shrublands, where chaparral species typically require more than a decade to reach reproductive
maturity. Frequent treatments aimed at sustaining low burn probabilities may instead trigger type

102103 “which can increase fire risk by promoting continuous fine fuels

conversion to invasive grasses
and faster fire spread'**'%, Future studies would benefit from incorporating these treatment-fire

interactions and ecological feedbacks to better inform landscape-scale decision-making.

In addition to assumptions and exclusions, our results are subject to methodological uncertainties
related to each of the machine learning, chemical transport, and epidemiological models, as well as the
underlying datasets of physical characteristics, meteorology, and historical treatment costs. For instance,
the BenM AP model does not differentiate among PM: 5 sources despite emerging evidence of important
differences in the epidemiological and behavioral responses to wildfire-related PM, s as compared to
other sources of PM,s (e.g., fossil fuel combustion)'?”1%, Wildfire-specific concentration-response
functions could increase the estimated health benefits of treatments, but with little effect on the spatial
distribution of net benefits. Modeling treatment costs is challenging where conditions are not well-
represented in the available training data, and such extrapolations are a source of uncertainty in our
results. However, >70% of the statewide variability in the features that are most important to our
modeled costs and benefits are represented in the training data (Fig. S16), and our trained models
skillfully predict average treatment costs (Fig. S15). The 95% confidence intervals presented throughout
(e.g., Fig. 4A) and the variable sensitives in Fig. 4D reflect the results of a Monte-Carlo analysis that
integrates estimates of these uncertainties. We also independently validate the machine learning and
GEOS-Chem modeling procedures, and simulation results matched well with test data (see Figs. S15,
S19 for costs and Figs. S18, S20 for fire emissions) and historical PM, 5 observations (Figs. S23-S24).

Finally, there may be important and spatially heterogeneous barriers to treating different areas
regardless of how high the potential net benefits are. In particular, there has sometimes been opposition
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to prescribed burning in recent years, given the potential impacts of related smoke on human health®
and the risks that such fires will escape control of managers®**. Also, there are important limitations
on the use of prescribed fire that are created by the Clean Air Act and state air regulation. For example,
the Clean Air Act in its current form treats prescribed fires—but not wildfires—as pollution sources,
which may limit many beneficial treatments in non-attainment areas, compounded by decreases in the
periods when conditions are favorable for prescribed burning (i.e., burn windows) in some parts of
California®>!'%. Yet our results suggest that there are large net benefits of prescribed burning despite the
smoke produced (as have others®®?7). Indeed, prescribed burning is expected to be the lowest cost fuel
treatment over 58% of the areas in the top decile of net benefits (Fig. S3), and the total net benefits of
treating these areas decrease by more than $1B (from $12.3B to $11.1B) if prescribed burning were
disallowed. Moreover, important non-economic constraints apply to other treatment methods; manual
and mechanical thinning are much more labor-intensive than prescribed burning and unavailability of
workers could limit the area of annual treatments even more than funding in the near term3%!'°, But
although our analysis neglects many legal, administrative, ecological, socio-political, and logistical
constraints—particularly those limiting the use of prescribed fire—that may make the modeled
treatments impossible at the scale or in the locations where we find the greatest net benefits, decision
makers could nonetheless use our results to prioritize among possible treatment areas, and thereby
increase the social benefits of such treatments regardless of scale or local constraints.

Despite analytic simplifications and uncertainties, our results provide a critical new perspective for
decision-makers who contend with the daunting Californian reality of enormous and increasing fire
risks, finite resources of time, labor and funds, and vast areas needing fuel treatment. In this context,
methods for prioritization are a fraught necessity mostly lacking to date. By integrating physical,
epidemiological, and economic considerations at high spatial resolution across the entire state, we offer
a scientifically coherent and robust framework for valuing fuel management options at the scale of
states and regions in keeping with policy proposals calling for systematic evaluation of wildfire
mitigation options!!!!12,

Our findings are relevant for multiple decision-making levels—from federal and state agencies such
as USFS and CAL FIRE, to local fire management districts and state legislators. The high-resolution
maps of estimated treatment costs and benefits that we present can be directly incorporated into planning
processes to improve the outcome of fuel treatments. Importantly, our analysis demonstrates that public
health benefits from smoke reduction often constitute the majority of total social benefits, especially
near wildland—urban interface regions. Yet these benefits have rarely been internalized in treatment
planning. By explicitly valuing health impacts, our framework shifts the basis of prioritization beyond
traditional focus areas such as structure protection and evacuation routes, revealing new high-benefit
zones that might otherwise be overlooked. At the same time, our framework advances academic
understanding of the interaction between wildfire behavior, treatment strategies, and public health
outcomes. Future work may introduce additional factors and nuances to this framework, but in the
meantime, it is already clear that near-term investments in fuel treatments can be systematically
prioritized to return large and greatly increased net benefits to Californians and others living in wildfire-
prone areas.
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Methods
Data sources and pre-processing

Treatment cost. Historical fuel treatment data was derived from U.S. national datasets—
Hazardous Fuel Treatments, which are tracked and managed by the U.S. Forest Service's Natural
Resource Manager (NRM) Forest Activity Tracking System (FACTS)’!. It records detailed activity
information, including the location, area, period, measures, equipment, and cost of the hazardous fuel
reductions across the conterminous United States (CONUS) since the 1930s in the form of ESRI
geodatabase. We selected all treatment activities in California during 2000-2020 (a total of 406547
activities), categorized them by treatment types (Table S1) and periods (4 types x 21 years), rasterized
and re-projected these 1008 layers into standard geographical longitude-latitude-projection grids with
the resolution of 0.01°x 0.01°.

Meteorology. Meteorological data from 2000 to 2020 were compiled by integrating multiple
sources to ensure high spatial and temporal resolution across California. Temperature, humidity,
shortwave radiation, precipitation, and wind speed were primarily obtained from the GRIDMET dataset
(Abatzoglou, 2013, DOI: 10.1002/joc.3413)”!, which offers gridded daily data at approximately 4 km
resolution. To supplement wind directions, ERAS5-Land data” (Mufioz Sabater, 2019, DOI:
10.24381/cds.e2161bac) from the Copernicus Climate Data Store were used for the period 2000-2013,
while HRRR (High-Resolution Rapid Refresh) data” (Dowell et al., 2016, DOI: 10.1175/BAMS-D-13-
00238.1) from NOAA were used for 20142020, offering hourly fields at a 3 km resolution. We clipped
all these meteorological variables covering our study domain, calculated the monthly-average and
annual-average values respectively, resampled (with bilinear interpolation methods) to two datasets
with spatial resolutions of 0.01° x 0.01° and 0.25° x 0.3125°, respectively. Future meteorological data
is derived from the GCAP2.0 model with a monthly temporal resolution and spatial resolution of
2.0°x2.5°7 GCAP2.0 downscaled CMIP6 experiment outputs provided future meteorology fields to
drive the GEOS-Chem chemical transport model. We calculated the average meteorological variables
during 2045-2049 under SSP245 climate scenarios, re-projected and bilinearly interpolated to 0.01° x
0.01° and 0.25° x 0.3125° to fit our domain.

Topography. We accessed the elevation and slope of California from a global digital elevation
model (DEM) with a high resolution of 30 arc seconds®’, and then upscaled it to 0.01°x 0.01° and 0.25°
x 0.3125° via bilinear interpolation. The topography of California was assumed to be consistent
throughout both historical and future analyzing periods.

Land cover type. Historical land cover classification over California was collected from the
National Land Cover Database (NLCD), released by U.S. Geological Survey®. It provides 20 types of
land cover in 2001, 2006, 2011, 2016, 2019, and 2021 with resolution of 30 arcs seconds. We generated
complete annual land cover over 2000-2020 (monthly variation was not considered) by nearest-
neighbor interpolation temporally; re-projected and bilinearly upscaled to 0.01° x 0.01° and 0.25° X
0.3125°. Land cover in 2050 under SSP2-RCP4.5 scenario were gathered from a global 1-km PFT-
based (20 plant functional types) land projection dataset, which is developed by Chen et al through
combining IAM simulations and machine learning methods®*.

Canopy characteristics. Canopy coverage and height have dominated impacts on wildfire
emissions and treatment costs. Historical annual canopy coverage was acquired from a sub-product of
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NLCD, Tree Canopy, which provides the proportion of tree canopy in each 30 m grid cell®®. Future
canopy coverage changes by 2050 under RCP4.5 climate scenarios were collected from Rocha et al®.,
which were developed based on future land cover projections from Chen et al®. Historical canopy
height was derived from Forest Canopy Base Height (CBH) and Canopy Height (CH) database, which
is developed by LANDFIRE program, Earth Resources Observation and Science Center (EROS).
LANDFIRE established a complete, nationally consistent data collection (valid in 2001, 2012, 2014,
2016, and 2020) of wildfire-related disturbance, vegetation, fuels, regime at resolution of 30m. We thus
linearly interpolated to generate annual canopy height and bilinearly upscaled to 0.01° x 0.01° and 0.25°
% 0.3125°. Due to limited findings on canopy height changes under climate change, we assumed CBH
in 2050 keeps in line with its 2020 status.

Vegetation cover. We selected shrub, herbaceous, sagebrush, litter, and bare ground as five
important vegetation classes that significantly affect wildfire emissions and treatment costs, and
acquired their annual coverage over 2000-2020 from the RCMAP time-series datasets at 30-second
resolution®®, RCMAP (Rangeland Condition Monitoring Assessment and Projection) is a member of
NLCD product suites, characterizing the percentage of each grid cell across Western U.S. covered by
each vegetation component under the systematical methodology framework. Projections of these
vegetation component coverages under RCP4.5 scenarios in 2050s were also provided by RCMAP
datasets®. Similar to land cover data, both historical and future vegetation coverage datasets were re-
projected and bilinearly upscaled to 0.01° x 0.01° and 0.25° x 0.3125°; and duplicated to 12 grids for
each month regardless of monthly variation.

Burn probability. Historical wildfire burn probabilities were derived from Mann et al
(https://github.com/mmann1123/WildfirePaper PLOS1), which estimated the fire probability under the
influence of human activity and climate change from 1975 to 2050 across California, with a high spatial
resolution of 1080 meters®'. However, due to the relatively outdated climate projections used in their
study (i.e., CMIP3), we updated wildfire probability projections under the RCP4.5 climate change
scenario from the CAL-Adapt datasets (Thomas et al., 2018%2; https://cal-adapt.org/tools/wildfire/).
This dataset provides annual wildfire simulation products for California at a spatial resolution of 0.0625
degrees, based on CMIPS5 scenarios and various global climate models (GCMs). We collected decadal
annual wildfire probability under the RCP4.5 scenario from 2040-2059 from four GCMs: CanESM2,
CNRM-CMS5, HadGEM?2, and MIROCS. We then calculated the relative changes between 2040-2059
and 2000-2019; and applied the average of these relative changes from the four GCMs to the historical
burn probabilities to obtain future projections. All grid datasets were bilinearly interpolated to a
resolution of 0.01° x 0.01°.

Fuel characteristics. Fuel loading and fuel moisture are two critical components affecting wildfire
behavior and emissions. Historical fuel loading layers were also obtained from the LANDFIRE
program— Fuel Loading Models and Fuel Characteristic Classification System Fuelbeds (FCCS), which
described the vegetation fuel content in each 30-m grid cell®’. We generated monthly 0.01° x 0.01° and
0.25° % 0.3125° standard fuel loading grids over 2000-2020. We assumed the fuels in 2050 were the
same as in 2020. Fuel moisture content (FMC) over the historical period was based on year 2020 data
from the NCAR FMC dataset, which provides daily 1km fuel moisture grids covering CONUS?. From
this data, we calculated the monthly mean value and bilinearly upscaled this data to our grid. Future
changes in FMC of live and dead vegetation were collected from Ma et al*® and Liu et al®, respectively,
which projected future trends of FMC under RCP4.5 climate scenarios through ecological simulations.
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Fire emissions. We obtained historical wildfire emissions in California over 2000-2020 from the
GFEDv4.1s database (which contains small fires) with a resolution of 0.25° x 0.25°. We obtained total
dry matter emission (kg DM m™ month) per grid cell, and then calculated PM, s emissions using
emission factors in GFEDv4 database (Table S3). All historical monthly fire emission grids were
bilinearly interpolated to 0.01° x 0.01°.

Fire behavior. We used conditional flame length (CFL), fire-effects flame-length probabilities
(FLPs) and weighted rate of spread (WROS) as key indicators to estimate wildfire intensity and
emissions. These features over 2000-2020 were derived from Pyrologix fire products, which were
modelled using the FlamMap fire behavior simulation system at a spatial resolution of 30 meters®’*%,
wROS represents the weighted-average spread rate in meters per minute for a given grid cell; FLPs
describes the probability distribution of fire flame lengths across six standard categories: 0-2 ft, 24 ft,
4-6 ft, 6-8 ft, 812 ft, and greater than 12 ft; and CFL characterizes the expected mean flame length
for a fire burning in the direction of maximum spread at each location, assuming a fire were to occur.
To account for future fire behavior, we incorporated projected changes from Loehman et al.** and Goss
et al.”’, which simulate extreme wildfire conditions and fire regimes under the RCP4.5 climate
scenario across California. Specifically, we applied projected changes in extreme fire-weather indices
and high-severity fire occurrence from 2020 to the 2050s to adjust current wROS and high-flame FLPs

(i.e., those exceeding 8 ft).

Building and structures. We employed three datasets, namely housing-unit density (HUDen), risk
to potential structures (RPS), and structure reconstruction cost (SRC), to estimate the direct economic
hazard caused by wildfires. Historical building and housing unit density and count data were obtained

from Pyrologix fire products’-"!1?

, which provide 30-meter resolution raster layers characterizing the
built environment across the United States. HUDen expresses house-unit counts in each grid cell,
generated with population and housing data from the U.S. Census Bureau, Microsoft Building
Footprints data (https://hub.arcgis.com/datasets/esri::microsoft-building-footprints-features), and land
cover data. RPS establishes a generic response function to characterize the potential for housing-unit
damage from wildfire with an integrated consideration of fire behavior, fuel condition, and existing
houses. SRC were collected from the analysis on California’s estate and property by Yardi Matrix,
which provides average house building costs in different counties across California
(https://www.datawrapper.de/_/aoRIn/). We reprojected and bilinearly interpolated HUDen and RPS to
geographic Lat/Lon 0.01° x 0.01° layers. Due to limited future projections, we assumed HUDen, RPS,

and SRC would stay at the same levels.

Population. Historical population was accessed from Depsky et al.”, which developed a high-
resolution (i.e., 100-meter) population grid in California for the year of 2020 with census data; future
population grids were derived from Wang et al.’’, which projected population distributions by 2100
under shared socioeconomic pathways with resolution of 1 km. We bilinearly upsampled these
population grids to 0.01° x 0.01° and 0.25° x 0.3125°.

Road density. Road density data were obtained from the NOAA National Geophysical Data Center
via the Data Basin repository’® (https://databasin.org/datasets/c05cdecOab1b4cebacbf317e¢7c14ed4c/).
Each pixel represents the total sum length of streets and major roads (including interstate highways)
within a 1 km X 1 km area, measured in meters. Following acquisition, the road density data were
processed to align with the spatial framework used in this study. The original 1 km resolution data were
resampled and aggregated into a uniform grid with a spatial resolution of 0.01 degrees.
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Estimates of wildfire fuel treatment costs

We trained and applied Convolutional Neural Network (CNN) models to estimate fuel treatment
costs across all fire-prone areas of California at 0.01° spatial resolution and annual temporal resolution.
Given that different treatment activities require various fire-fighting equipment and manpower expenses,
which would generate diverse treatment costs, we first categorized treatment activities into four types
(i.e., prescribed fire, mechanical thinning, hand thinning, and other treatment) according to a series of
characteristics®! (e.g., treatment methods, scale and equipment features, see Table S1 for details). Then
we trained CNN models for each type of activity and used the projected lowest cost among all types to
represent the final treatment cost per grid cell (Fig. S3).

Four treatment-type specific CNN models were established based on a similar architecture (Fig.
S2), composed of six two-dimensional convolution layers, three pooling layers, and one fully connected
layer (i.e., one dense layer). All samples, including one group of predictor (Y) matrix (i.e., the recorded
treatment cost), and 19 groups of driver variables (X) (Table S2), were standardized into annual 0.01°
% 0.01° grids with geographic Lat/Lon projection (a total of 399 standardized grids, 19 variables x 21
years), and normalized with a min-max method.

We performed a multi-dimensional grid search approach to optimize parameter sets (including
activation function, filter size, kernel size, pooling type, dropout rate, dense units, learning rate and
number of epochs; Table S11) for each CNN model. Each parameter set combination was conducted
100 times of five-fold cross-validated simulations to attain the best performance with the lowest mean
absolute error (MAE) and mean squared error (MSE). The final optimized CNN models were also
evaluated by cross-validation with skill metrics of internal explained variance score (EV), MAE, MSE,
Mean Absolute Percentage Error (MAPE), R?, and index of agreement (IOA) (see Fig. S19 for evaluation
results). We also evaluated the spatial correlation and accuracy of the predicted annual mean treatment
costs by comparing them with the historical average treatment costs for each method across California
during 2000-2020 (Fig. S15).

The final optimized CNN models were then applied to estimate the type-specific fuel treatment cost
for current and future periods. Spatially, the prediction datasets of all driver variables cover all fire-
prone areas in California with a resolution of 0.01°. In terms of temporality, we used the average
estimate of each feature between 2010 and 2020 to represent the current state. We used the changes of
these features around 2050 under SSP245/RCP4.5 scenarios to characterize future climate change
impacts (Table S2). All CNN model training, evaluation, feature importance analysis, and projection
procedures were implemented in Python (version 3.11), using the TensorFlow and Keras libraries along
with standard scientific computing packages.

Projection of fire emissions

Existing fire emission databases, such as GFED®* and Fire Modeling Intercomparison Project
(FireMIP)''*, only provide emissions for the satellite era, therefore a large number of areas at risk of
wildfires, at least for the same time and within a unified variable framework, do not have valid emission
data. To estimate fire emissions across all fire-prone areas of California, we established fire emission
machine learning models based on grid cell-specific (0.01°x0.01° and 0.25°x0.3125°) meteorological,
vegetation, topography and fire behaviors using a CNN modeling architecture similar to cost estimation
(Fig. S2). Then, we developed three sets of hypothetical projected monthly and seasonal wildfire
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emission layers, namely wildfire emissions without fuel treatment, 1-yr post-treatment wildfire
emissions, and fire emissions associated with prescribed burns, with resolution of both 0.01°x0.01° (Fig.
S18) and 0.25°%x0.3125°.

For wildfire emissions (including both pre- and after fuel treatment), we used variables from the
wildfire season, specifically chosen from June to October based on historical wildfire activities, to
construct the corresponding CNN model (CNN-WFEmis). Thus, a total of 26 groups of driver features,
including meteorology, topography, land cover, vegetation, fuel characters, fire behavior and burn
probability information were extracted from June through October over 2000-2020 (see Burn
probability for details). Target variables for model training and testing were derived from GFEDv4.1s
database. Both predictor and driver variables were standardized and resampled to monthly 0.01°x0.01°
and 0.25°x0.3125° layers (see Data source and pre-processing for details). The basic framework,
parameter optimization, and cross-validated evaluation process of wildfire emission CNN models are
similar to cost estimation (see Estimates of wildfire fuel treatment costs for details). Evaluation metrics,
including EV, MAE, MSE, RMSE, R?and IOA, of the final optimized model were assessed (see Fig.
S20 for evaluation results).

Similarly, the CNN model for prescribed burns (CNN-PBEmis) was developed with the same
variables but extracted from prescribed burning windows (i.e., winter and spring months, Text S1).

We then used the optimized two CNN model (CNN-WFEmis and CNN-PBEmis) to predict wildfire
emissions and prescribed-burn emissions across California respectively, for the current and future
periods. Prediction datasets for the current period were prepared as monthly averages of each feature
through the 2010 to 2020 wildfire seasons (CNN-WFEmis) and prescribed burning windows (CNN-
PBEmis), and those for future time were also collected as wildfire season averages for the 2050s under
SSP245/RCP4.5 climate scenarios (Table S2).

To estimate how fuel treatments affect wildfire smoke emissions, we synthesized one-year post-
treatment effects from a broad set of studies which focused on California and North America (Table S5,
Figs. S12-S14). These studies report treatment-induced changes in vegetation structure (e.g., vegetation
cover, canopy height, canopy bulk density), fuel load, and fire behavior indicators (e.g., burn probability,
flame length). For each combination of treatment type and vegetation cover class (Fig. S4c), we
calculated and summarized the mean and range of reported effects (Table S6). The mean values were
used to adjust pre-treatment feature layers to represent post-treatment conditions, while the full range
of estimates was applied to estimate uncertainty. These adjusted post-treatment feature layers were then
input into the trained CNN-WFEmis model to predict post-treatment wildfire smoke emissions (Fig.
S18). Figs. S12-S14 illustrate the spatial distributions of key features one year after applying cost-
minimizing optimal treatments and their relative changes from pre-treatment conditions, respectively.

Additionally, prediction datasets for prescribed burns applied meteorological fields in prescribed
burning windows, as well as reduced emission factors (Table S4, Text S1). Fig. S18 shows the spatial
distribution of estimated emissions during current periods resulting from pre- and post-treatment
wildfires, as well as prescribed burns. Table S10 further provides estimated primary PM; s emissions
originating from pre- and post-treatment fires across various fuel treatment types.
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Modeling of fire-induced PM; s air pollution

We employed GEOS-Chem version 13.0.0 (10.5281/zenodo.4618180) to estimate fire-specific
PM, 5 air pollution in each grid for present-day through a series of sensitivity simulations.

For wildfire-induced PM,s air pollution, we performed 1014 seven-day nested GEOS-Chem
simulations at a horizontal resolution of 0.25°x0.3125° and a vertical resolution of 47 layers from
surface to 0.01 hPa’. The 1014 core simulations include one base case with all emission sources and
1013 sensitive cases that successively zero out wildfire emissions for all grids with wildfire burning
probabilities. PM» s air pollution caused by wildfires on a given grid was then quantified as the
difference between the “all-source” simulation and the sensitive simulation zeroing out fire emissions
in that grid. Considering the computational burden and the most common duration and timing of
California wildfires historically (Fig. S25), we selected seven days in July to perform the 1014 core
simulations.

For all 1014 core experiments, boundary conditions were dynamically provided by a global
simulation with a native resolution of 2°%2.5°; chemical initial conditions employed a pre-simulated
restart file using the same nested domain. Both boundary and initial conditions were simulated with all
emission sources and a one-year spin-up time. We applied a 600-sec timestep for transport and a 1200-
secs for the chemistry process. Meteorological input was derived from GEOS forward processing
(GEOS-FP) archive, which is administered by the NASA Global Modeling and Assimilation Office
(GMAO). We applied the average meteorological fields in the first week of July between 2010 and
2020 to drive all nested core simulations, in an effort to reduce meteorological uncertainty.

Emission inputs were configured with the HEMCO module!'>. Briefly, wildfire emissions were
obtained from our hypothetical present-day monthly wildfire predictions and the average daily fraction
factors in July between 2010 and 2020 from GFEDv4.1 database. Anthropogenic emissions for the U.S.
were provided by the National Emission Inventory (NEI2011) and scaled to the average annual emission
level between 2010-2020; those for other countries were provided by CEDS database!!®. Other emission
sources, as from aircraft, shipping, biogenic were collected from AEIC!'7, CEDS, MEGAN'",
respectively. Except for wildfire, all other emissions were applied as their average estimates of July
between 2010 and 2020. We used a fully coupled NO,-VOC-ozone-hydrocarbon-aerosol chemistry
mechanism. Simulated aerosols consisted of primary black carbon, organic carbon, sea salt, dust; and
secondary sulfate, nitrate, and ammonium (SNA) from the ISORROPIA II thermodynamic module.
Secondary organic aerosols (SOA) were also included with a simple scheme providing a calibrated
global SOA amount!"’.

Considering that meteorological conditions for prescribed burns differ significantly from those in
wildfires, which will have a substantial impact on PM, s air pollution, we performed an additional 401
simulations to incorporate the meteorology within prescribed-burn windows. The 401 simulations
include one base case with all emission sources, and 400 sensitive cases that successively zero out
prescribed-burn-associated emissions for the 400 grids with the highest proportion of prescribed burns.
We selected seven days in March to perform these 401 simulations. Emissions from prescribed burns
were derived from our hypothetical estimates of prescribed burn emissions (see Projection of fire
emissions for details). Except for meteorological conditions and fire emissions, all other model
configurations remained consistent with the 1041 wildfire-related experiments.
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Due to the core sensitivity simulations were driven by hypothetical wildfire emissions and
meteorological fields, there are no valid observations or measurements that could be directly used to
evaluate the model performance. Therefore, we conducted a set of benchmark experiments, including
11 one-month simulations in July between 2010 and 2020, with a 6-month spin-up time and driven by
the corresponding meteorological and “all-source” emission inputs, to assess the ability of our GEOS-
Chem configuration to capture daily and seasonal PM,s variability in California. Observed PMa s
concentrations were acquired from an in-situ Air Quality System (AQS) monitoring network, which is
maintained by U.S. Environmental Protection Agency (US EPA). Daily and Monthly model evaluations
could be found in Fig. S23 and Fig. S24 respectively.

Indirect wildfire fuel treatment benefits

We assessed economic health benefits as indirect benefits of fuel treatment in California at 0.01° x
0.01° resolution. Here we defined the health benefit in each 0.01° wildfire-prone grid as the health
benefit resulting from avoided air pollution throughout California if wildfires could be fully controlled
in that grid. We integrated BenMAP-CE version 1.5%® (Benefits Mapping and Analysis Program-
Community Edition) model and Random Forest machine learning methods to quantify and downscale
the monetized health benefits.

BenMAP-CE is a powerful, open-source tool to estimate the economic health impacts resulting
from air quality changes (https://www.epa.gov/benmap), which has been widely used in both academia
and governments. We first used BenMAP-CE to calculate the avoidable mortality associated with
reducing PM: s pollution as equation (1) shows.

AY =Yy x (1 — e PAPM) x Pop (1)

Where Y, represents the health baseline incidence. We collected county-level baseline mortality
incidence rates from the Air Quality Management Plan (AQMP) Socioeconomic Analysis developed
by the South Coast Air Quality Management District (SCAQMD)!?°, which provided one of the most
up-to-date and localized health data. APM refers to changes in PM»s air quality. We applied the
simulated daily-average PMs concentration differences between the baseline (i.e., ‘all-source’) and
1013 sensitivity cases (i.e., zeroing out wildfire emissions in each fire-prone grid cell, see Modeling of
wildfire-induced PM:s air pollution for details), thus a total of 1013 BenMAP simulations were
performed at a resolution of 0.25° x 0.3125°. Pop indicates the number of people = exposed to PM» 5
air pollution. We employed the 100-meter population grid in California developed by Depsky et al”.
(see Data source and pre-processing for details) here and resampled it to 0.25° x 0.3125°. B describes
the health effects, namely the relation between air pollution changes and health outcomes, and is often
quantified with concentration-response functions (CFs) derived from epidemiology studies. CRFs and
relative risks (RR) were derived from epidemiological literatures!?!-124

BenMAP-CE.

, also natively embedded in

The monetary value of the health effects was then estimated with willingness-to-pay valuation
functions for mortality and morbidity based on the literature'*1?®, We applied a value of statistical life
(VSL) for avoidable mortality of $10.3 million ($6.2—-$14.5 million) adjusted to 2016 USD based on
2016 income levels. Valuation for morbidity was provided by BenMAP-CE database.

Health benefit outcomes by BenMAP-CE provided 1013 valid data points. Together with the related
wildfire emission, meteorology, topography, vegetation, fuel condition, fire behavior, and
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socioeconomic layers, we developed a health-related CNN model using the similar architecture (Fig.
S2) to technologically downscale the coarse resolution (i.e., 0.25° x 0.3125°) to 0.01° x 0.01°, as well
as project its future variation under climate changes.

Simulated monetary health benefits in 1013 coarse grids for wildfires and 400 coarse grids for
prescribed burns were used as target variables to train and validate the CNN model. We employed a
group of 16 driver variables (Table S2), and extracted them from their corresponding 0.25° x 0.3125°
layers (see Data source and pre-processing for details). It is important to note that wildfire emissions
in a specific grid would affect health losses in its surrounding areas, and in turn, the health benefits of
that grid would also be affected by the fuel treatment of its neighbors. Therefore, apart from the 16
driver variables in each core grid, we added transport- and socioeconomic-related X drivers, such as
10-m zonal, 10-m meridional wind, population in each of the 8 grids adjacent to the core grid, as well
as the average of three peripheral layers of the core grid in 8 directions (Fig. S26) in training variables
as well. The model framework, optimization and evaluation process of health benefit CNN model is
similar to cost estimation (see Estimates of wildfire fuel treatment costs for details).

Using the optimized CNN model, we downscaled the present-day health benefit grid into 0.01° x
0.01° with 0.01° projection datasets. The indirect benefits of fuel treatments were ultimately estimated
as the health losses avoided between wildfire burnings and post-fire burnings, as Equation 2 shows.
Apart from conventional evaluation metrics, we additionally compared the differences between CNN
downscaling and bilinear interpolation, which indicated relatively close spatial distributions. Finally,
driven by projection datasets in 2050 (see Data source and pre-processing and Table S2 for details),
we predicted future health benefits of fuel treatment under SSP245/RCP4.5 climate change scenarios.

n
[Ben = Z 1(AYWildfirel- - AYPOSt—firei) X VSL (2)
i=
Direct wildfire fuel treatment benefits

We estimated the avoidable reconstruction and repair costs of houses that would be damaged by
wildfires as the direct benefit of fuel treatments. Three sets of data, namely housing-unit counts (HU),
conditional risk to potential structures (RPS), and structure reconstruction cost (SRC) (see Data source
and pre-processing for details) were applied to quantify direct benefits as Equation 3 shows.

n
DBen= ) (HU; X SRC.) X (RPSwuasirei = RPSpost-fire) ()

i=

Where HU; represents the count of house unit in grid i . RPSyjiafire; and RPSpost_fire; depict
the potential consequences of pre- and post-treatment wildfires to a house unit at grid i, if a fire occurs
there and if a home were located there. SRC, refers to the average total reconstruction cost per building
in county c.

Feature importance and uncertainty estimates

For each CNN model used in the analysis, including treatment-specific cost models and wildfire or
prescribed burn emission models, we applied SHAP (SHapley Additive exPlanations)'? to interpret the
predictions of CNNs trained to estimate treatment costs by activity types, as well as fire emissions. For
each specific CNN model, we conducted both model-agnostic and surrogate-based SHAP analyses to
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assess the relative importance of input features. For model-agnostic interpretation, we used SHAP’s
Kernel Explainer to directly estimate Shapley values from the trained CNN of each treatment type. We
performed ten independent runs per model, each based on 2,000 randomly selected samples, and
averaged the absolute SHAP values across runs to obtain stable estimates of feature importance.
Meanwhile, we trained a Gradient Boosting Regressor to approximate each CNN’s predictions and
applied Tree Explainer to compute SHAP values over the full training dataset. This surrogate-based
approach enables efficient estimation while maintaining consistency with the CNN outputs. Feature
importance was then ranked based on the mean absolute SHAP values from both explainers, as shown
in Fig. S21 for treatment costs and Fig. S22 for fire emissions.

For the full modeling framework (Fig. 1; Fig. S1), we performed Monte Carlo simulations to capture
both the aggregate uncertainty in model predictions and the sensitivity of outcomes to individual input
features (Fig. 4). Specifically, to evaluate the influence of each feature, we adopted a feature
perturbation approach based on model performance degradation. For each simulation, we randomly
shuffled the values of a single input feature across the test dataset—effectively disrupting the
information that feature provides—while keeping all other features unchanged. We then recorded the
resulting change in the model’s mean absolute error (MAE). This process was repeated for each feature
across all 5,000 runs. The magnitude of the increase in MAE reflects the model’s dependence on that
feature: a larger rise indicates greater predictive importance.

Data and materials availability

All datasets used in this study are publicly available. (1) Historical fuel treatment records were obtained from
the U.S. Forest Service FACTS system (https://data.fs.usda.gov/geodata/edw/datasets. php). (2) Meteorological
data were compiled from several sources: GRIDMET daily climate data
(https://www.climatologylab.org/gridmet.html), ERA5-Land reanalysis from the Copernicus Climate Data Store
(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land), and HRRR hourly meteorological
fields from NOAA (https://registry.opendata.aws/noaa-hrrr-pds/). Future meteorology projections were derived
from GCAP2.0 downscaled CMIP6 climate fields (http://atmos.earth.rochester.edu/input/gc/ExtData/GCAP2/).
(3) Topography data came from the GTOPO30 global digital elevation  model
(https://www.usgs.gov/centers/eros/science/usgs-eros archive-digital-elevation-global-30-arc-second-elevation-
gtopo30). (4) Land cover data were obtained from NLCD (https://doi.org/10.5066/P9JZ7A03) and future
projections from Zenodo (https://zenodo.org/records/4584775). (5) Vegetation coverage datasets were from
RCMAP for historical (https://doi.org/10.5066/P9SJXUIN) and projected (https://doi.org/10.5066/P134RA6V)
periods. Tree canopy coverage was derived from NLCD Tree Canopy (https://www.mrlc.gov/data), and canopy
height from LANDFIRE (https://landfire.gov/cbh.php), with future projections from Zenodo
(https://doi.org/10.5281/zenodo0.6502865). (6) Historical wildfire burn probabilities were obtained from Mann et
al. (https://github.com/mmann1 123/WildfirePaper PLOSI) and future probabilities from CAL-Adapt (https://cal-
adapt.org/data/download/). (7) Fuel Iloading and moisture data were from LANDFIRE
(https://www.landfire.gov/flm.php) and NCAR FMC (https://doi.org/10.5065/qt42-zd40), respectively. (8) Fire
emissions were derived from the GFEDv4.1s database (https://www.geo.vu.nl/~gwerf/GFED/GFED4/). (9) Fire
behavior indicators were obtained from Pyrologix (https://pyrologix.com/downloads). Socioeconomic data
including population (https://zenodo.org/records/5874927, https://doi.org/10.6084/m9.figshare.19608594.v2),
road density (https://databasin.org/datasets/c05cdecOablb4cebacbf317e7cl4ed4c), housing data and structure
risk (https://pyrologix.com/downloads), building cost (https://www.datawrapper.de/aoRIn/), and baseline
mortality (https://population.un.org/wpp/) were also publicly available. (10) Air quality simulations were
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performed using GEOS-Chem v13.0.0 (https://doi.org/10.5281/zenodo.4618180), and health impact assessments

were conducted using BenMAP-CE version 1.5 (https://www.epa.gov/benmap/benmap-downloads).
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Fig. 1. Analytic approach. The net benefits of wildfire fuel treatments in California (d) were assessed by
combining estimated treatment costs (a), projected fire emissions that might be avoided (b), estimated direct and
indirect benefits of avoided damage to property and human health, respectively (v). In each case, analyses
encompassed the entire state at a resolution of 0.01 degree (~1.11 km?). Treatment costs and fire emissions were
evaluated using machine learning methods and historical cost (USFS) and fire emissions (GFEDv4) datasets,
along with datasets of vegetation, meteorology, topography, and historical fire characteristics. Indirect health
benefits were evaluated using chemical transport (GEOS-Chem) and epidemiological (BenMAP-CE) models (see

Methods and Table S2 for details).
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Fig. 2. Spatial distribution of treatment costs and benefits. Maps show the minimum cost of fuel treatments
(a), combined benefits of avoided health damages and avoided property damage (b), net benefits (b minus a; ¢),
and the areas with greatest 1% and 10% of net benefits (d).
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Fig. 3. Regional zoom-in view of treatment net benefits and dominant drivers across California. Remote
sensing composite images illustrate land cover, terrain and urban structure in three representative regions with
distinct ecological-urban contexts: forested (Plumas-Sierra; a), urbanized (Los Angeles; b), and mixed (Santa
Barbara; ¢). Projected maps show: estimated net benefits of implementing fuel treatments, with black outlines
indicating areas of historical treatment activity (d-f); the proportion of total benefits attributable to health-related
smoke reduction (g-i); optimal treatment types selected to minimize treatment costs, including prescribed burn
(PBurn), mechanical thinning (MechThin), manual thinning (ManThin), and other treatments (Other) (j-I); and
the most influential predictive covariates driving treatment cost at each grid cell, derived from SHAP-based
feature importance analysis (m-o).
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Fig. 4. Prioritizing fuel treatments. A majority (60%) of treatment areas have positive net benefits, exceeding
$100k per km? in 30% the treatable areas (a). Past fuel treatments do not compare favorably in terms of the costs
and benefits that are possible (b and ¢). Based on 5000 Monte Carlo simulations, areas with the greatest estimated
net benefits are most sensitive to population density, fuel load, treatment efficacy and canopy coverage, (d).
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Fig. 5. Changes in net benefits of fuel treatments under climate change. The share of treatable areas with
positive net benefits increases modestly by 2050 under the SSP245 scenario of climate change (a), and these
changes are geographically heterogenous (b and ¢). These changes do not include projected changes in population
or building density, only fire risk, emissions, and treatment costs.
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