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Increasing fuel aridity due to climate warming has and will continue to increase wildfire
danger in California1-4. In addition to reducing global greenhouse gas emissions, one of the
primary proposals for counteracting this increase in wildfire danger is a widespread
expansion of hazardous fuel reductions5,6. Here, we quantify the potential for fuel reduction
to reduce wildfire intensity using empirical relationships derived from historical
observations using a novel combination of spatiotemporal resolution (0.5km, hourly) and
extent (48 million acres, 9 years). We use machine learning to quantify relationships between
sixteen environmental conditions (including ten fuel characteristics and four
temperature-affected aridity characteristics) and satellite-observed fire radiative power. We
use the derived relationships to create fire intensity potential (FIP) maps of sixty historical
weather snapshots at a 2km and hourly resolution. We then place these weather snapshots in
differing background climatological temperature and fuel characteristic conditions to
quantify their independent and combined influence on FIP. We find that in order to offset the
effect of climate warming under the SSP2-4.5 emissions scenario, fuel reduction would need
to be maintained perpetually on ~3 million acres (at a 5-year return frequency, 600,000 acres,
or ~1% of our domain, per year) by 2050 and ~8 million acres (at a 5-year return frequency, 1.6
million acres, or ~3% of our domain, per year) by 2090. Overall, we find substantial potential
for fuel reduction to negate the effects of climate warming and that whether or not fuel
reduction is scaled up has larger leverage on our domain average FIP than shifting global
greenhouse gas emissions from the SSP2-4.5 to the SSP1-2.6 trajectory.

Main

Annual area-burned in the Western United States and in California saw a precipitous decline
from the 1800s to the 1980s7-9 but has since been on an ascent10-12. The increase in fire activity
over the recent several decades has led to increased impacts, with total annual economic
burdens from wildfires in California now estimated to be over 100 billion $USD per year13,14. In
addition to warming-induced increases in fuel aridity1-4, fire impacts are being enhanced by a
myriad of direct human influences15,16, including changes in ignition patterns17-19, more
structures in harm’s way20, and the long-term buildup of fuels21-23 partially due to the legacy of
ill-advised policies that suppressed natural fires and eliminated the cultural burning of
indigenous people5,24,25. Fire danger outside of forested regions is also a major concern, as fires
emanating from shrublands and grasslands are responsible for more destroyed structures in the
United States than those emanating directly from forests20.

Fires are natural and inevitable26, but fuel reduction has the potential to reduce fire intensity and
smoke emissions, reduce fire severity, increase ecosystem resilience and health, and make it
easier to contain fires5,24. Thus, one of the primary proposed strategies to address
warming-induced increases in wildfire danger in California is a substantial expansion of
intentional fuel removal, which includes mechanical thinning and prescribed burning in
forests5,6 and prescribed burning and enhanced grazing27 in shrublands and grasslands28.
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There is substantial evidence that fuel reduction can be effective at mitigating wildfire risk24,29,
but studies to date tend to be on small scales, for particular circumstances (e.g., refs.30-35), and it
is unclear if they generalize to broad spatial scales, if they are consistent for extreme and
non-extreme fire weather conditions36 and to what degree the effects of fuel reduction could
counteract projected climate warming37. Since scaling hazardous fuel reduction treatments to
large areas in California could cost billions of $USD per year38, there is a critical need for
quantitative estimates of this strategy’s potential effectiveness, especially in the face of projected
future warming39.

Ideally, process-based physical models would be used for such a quantification because
causality is often easier to ascertain than it is for statistics-based models. However,
processed-based dynamic vegetation climate models are not currently fit for this purpose (e.g.,
ref.40; Section S22 of ref.3).

In lieu of using process-based physical models, we use a data-driven machine-learning
approach that builds on the methods of ref.3 but improves on them along several dimensions
(Extended Data Table 1). The approach can be summarized in three steps (more details in
Methods):

1. Learn relationships between environmental conditions and fire intensity:We combine
high-resolution granular fuel data, weather data (Extended Data Table 2), and remotely
sensed fire data to empirically quantify, via machine learning, the relationships between
environmental conditions, fuels and Fire Radiative Power (FRP) - a proxy for fire size,
biomass combustion rates41, emissions of smoke and particulate matter42-44, spread
rates45, intensity46, and overall fire severity/impacts47,48.

2. Extrapolate in space: We use the derived relationships to create Fire Intensity Potential
(FIP) maps for most of California at hourly resolutions (snapshots in time) for a selection
of hours from our historical dataset.

3. Make future projections: We place the historical weather snapshots in different
combinations of background warming and fuel characteristic conditions (designed to
represent the expected effects of climate change and fuel reduction treatments) to assess
how FIP changes.

Step 1 is expounded upon in the Methods section. Figure 1 illustrates Step 2, and Figs. 2-4
illustrate Step 3.

Figure 1a shows the selection of the hourly weather snapshots that serve as the focus of our
analysis. We conduct the investigation at the hourly resolution because that is the native
resolution of our datasets, and it allows us to create operational fire danger forecasts at the
hourly resolution (SJSU-PG&E 2 KM WRF Model Fire Models), which can inform daily
operational decisions and can be used to investigate climate change affects that are a function of
the diurnal cycle (an important emerging research topic46).
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The tradeoff for retaining the hourly resolution is that computational and memory constraints
limit the number of hourly maps that can be placed in different background climate and fuel
conditions (each map has 48,606 locations).

Under these practical constraints, we chose a study design that compares results for thirty
hourly maps that represented potentially extreme fire weather conditions and thirty hourly
maps that represented more typical fire weather conditions (thus, we investigate
48,606⨉60=2,916,360 location-hours). The primary reason to separate data into extreme and
typical fire weather conditions is that there are questions about whether the effects of warming,
as well as the effects of fuel reduction may be different depending on the extremity of the fire
weather (e.g., how fast the winds are26,36,37).

The thirty potentially extreme fire weather hours were selected based on their consequences in
terms of having the highest statewide total FRP in our dataset. We also applied the additional
criterion that hours were separated from each other by at least four days so that they
represented relatively independent synoptic weather events (red dots in Fig. 1a). The thirty
randomly selected weather snapshots, designed to sample more typical fire-weather conditions,
are shown with blue dots.

Figure 1b-d shows the machine-learning model predicted Fire Intensity Potential (FIP) maps for
three historical weather snapshots with the most domain-wide FRP (FRPs of individual fires are
shown with magenta dots within the map). The snapshot with the highest FRP occurred on
September 8th, 2020, where FIP was calculated to be highest in the forested mountainous
regions of Northern California (Fig. 1b).

The two snapshots with the next most FRP (August 19th and September 16th, 2020) exhibited
the highest FIP in the Western Sierra Nevada foothills near the transition between forest and
shrublands (See inset in Fig. 4d for a map of land surface types). The three random snapshots
(Fig. 1e-g) show mean FIP well below those of the consequential hours, with some diversity
between them but with the highest FIPs again tending to be in the Western Sierra Nevada
foothills near the transition between forest and shrublands.
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Fig. 1: Selected weather snapshots and the machine-learning model predicted Fire Intensity Potential
(FIP) for six of those snapshots. a, total observed fire radiative power in the domain at an hourly
resolution (black line) with the thirty highest values (separated by at least four days) shown with red dots
and thirty randomly selected snapshots shown with blue dots. b-d, FIP maps for the three hours with the
largest fire radiative power (locations of fires are shown with magenta dots). e-g, FIP maps for three hours
from the random pool.

Figures 2-4 show how FIP may change under climate warming scenarios using the machine
learning models (Extended Data Fig. 1) and fuel reductions (Extended Data Fig. 2), given the
historically-observed relationships.

Because we are interested in the potential for fuel reduction to counteract climate warming,
without being overly concerned about practical constraints, we show results for the bounding
case of universal hazardous fuels reduction (Extended Data Fig. 2, Figs. 2-4) but complement
this with results as a function of the area that undergoes fuel reductions (Fig. 4, Extended Data
Figs. 3-4).

The spatial pattern of FIP for the most consequential snapshots (Fig. 2a) is reminiscent of the 2nd

and 3rd most consequential hours in the dataset (Figs. 1c and 1d). Overall, the mean map (Fig.
2a) is fairly representative of the individual hours that constitute it (the mean spatial correlation
between the individual hour maps and the mean map is r=0.81). The highest FIPs tend to be
seen in the mid-elevation forested regions of the western slope of the Sierra Nevada, the
Klamath ranges, and the inner North Coast ranges. FIP is generally higher in the lower
elevation hardwood forests48, near the transition to shrubland, as opposed to the higher
elevation conifer forests. There are also local FIP maxima in parts of the Central Coast Ranges,
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the San Gabriel Mountains, the grasslands of the southern foothills of the Sierra Nevada, and in
the chaparral of the Southern Mountains.

Fig. 2: Mean Fire Intensity Potential (FIP) for the most consequential weather snapshots and the effect
of fuel reductions and warming associated with the SSP2-4.5 emissions scenario. a, Mean FIP map
under the current climate. b,cMean FIP map under 2050 warmth and under 2090 warmth in the SSP2-4.5
scenario (see Methods, Extended Data Fig. 1). d-e, Same as a-c but under the universal fuel reduction
scenario (see Methods, Extended Data Fig. 2). Differences from today are shown in Extended Data Fig. 3.
g-i, Distributions (across space) of FIP values under the climate change and fuel reduction conditions in
2050 for three main fuel types.

As aridity increases due to warming associated with the SSP2-4.5 emissions scenario (Fig. 2b-c),
the FIP spatial pattern remains consistent but is enhanced, with mean increases in FIP of 14%
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under 2050 temperatures and 25% under 2090 temperatures. The largest increases in FIP tend to
be seen in forested regions, followed by shrublands and grasslands (Fig. 2g-i). The consistency
of the spatial pattern under the three temperature conditions suggests that the areas of highest
fire danger today will remain the same in the future largely because the spatial variation in FIP
is much larger than the climate change-induced change in FIP over the time period.

Universal fuel reduction applied under today's temperature conditions results in a nearly
universal reduction in FIP (Extended Data Fig. 3) with a domain-mean FIP of 55% of today’s
(Fig. 2d). As aridity increases due to warming, under the universal fuel reduction condition (Fig.
2e, 2f), the FIP spatial pattern again remains consistent but is enhanced, with domain mean FIPs
of 63% of today’s value under 2050 temperature conditions and 69% of today’s value under 2090
temperature conditions. Fuel reduction has the most impact in shrublands followed by forest
and grasslands (Fig. 2g-i).

The corresponding results for the thirty random snapshots are very similar, but all on a lower
baseline FIP (Fig. 3). The individual hours are less consistent with each other than they are in
the consequential case: the mean spatial correlation between the individual hour maps and the
mean map is r=0.59. Nevertheless, the spatial correlation between the mean FIP maps for the
thirty consequential and thirty random snapshots (Fig. 2a and Fig. 3a) is r=0.94. Overall, the
similarity between Fig. 2 and Fig. 3 indicates that the influence of changes in temperature and
changes in fuel characteristics on FIP is not dependent on the baseline conditions being
extremely conducive to wildfires but rather is consistent over a wide range of conditions.
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Fig. 3: Same as Fig. 2 but for the randomly selected weather snapshots.

The universal fuel treatment scenario shows substantial potential to offset the
fire-danger-enhancing effects of warming but should be considered a bounding case quantifying
the maximum potential for fuel reduction to counteract climate warming. However, the efficacy
of fuel reduction is disproportionately large in specific regions, and thus, targeting those regions
for fuel reduction would have a disproportionally large influence on domain-mean FIP.
Extended data Figs. 3 and 4 show FIP changes for scenarios where fuel reduction is maintained
perpetually on 1 million, 2 million, 4 million, and 8 million acres, corresponding to 2%, 4%, 8%,
and 17% of our domain, respectively.
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Fuel reduction should be effective in forests for at least six years48 but could last for 20 years49. In
shrublands, the effect should last at least five years50. If we assume fuel reduction would need to
be maintained at a frequency of once every five years on average, the above scenarios would
correspond to treatment rates of 200,000 acres per year (0.4% of our domain), 400,000 acres per
year (0.8% of our domain), 800,000 acres per year (1.7% of our domain), and 1,600,000 acres per
year (~3% of our domain), respectively. These rates are within the range of plausibility, given
that 1 million acres per year is the stated near-term goal in California6.

Under 2050 temperatures in the SSP2-4.5 scenario, maintaining targeted fuel treatment on 1
million acres halves the increase in FIP from warming from 114% of today's value to 107% of
today's value (Extended Data Fig. 4). Maintaining targeted fuel treatment on 3 million acres
completely offsets the increase in FIP from warming. If fuel reduction were maintained on 8
million acres, FIP would be reduced by roughly 12% relative to today.

Under 2090 temperatures in the SSP2-4.5 scenario, maintaining targeted fuel treatment on 2
million acres halves the increase in FIP from warming from 125% of today's value to 113% of
today's value (Extended Data Fig. 4). Maintaining targeted fuel treatment on 8 million acres
completely offsets the increase in FIP from warming. More than 8 million acres would have to
be maintained to reduce FIP relative to today, under 2090 conditions.

Figure 4 summarizes these results and puts them in the context of the effects of shifting global
greenhouse gas emissions from the SSP2-4.5 scenario to the SSP1-2.6 scenario.

Fuel treatment on 8 million acres (1.6 million acres per year at a return interval of once every
five years) reduces FIP the most where it is highest today, in the transition region from the forest
into shrubland (green to yellow to orange in the inset in Fig. 4d). Additionally, fuel reduction
has a high impact in grass-dominated regions (Fig. 4b and Fig. 4d).

Overall, the difference in FIP between conducting fuel reduction on 8 million acres or not is
much larger than the difference between the emissions scenarios, especially in 2050. This is
notable because the SSP1-2.6 rapid emissions reduction pathway is roughly in line with the
“below 2.0°C” goal of the Paris Agreement target (mean 2100 global warming expected to be
~1.7°C) while the SSP2-4.5 emissions pathway does not see global emissions peak until the
2040s, and a central estimate of warming by 2100 is ~2.6°C51. The movement from an SSP2-4.5
emissions scenario to an SSP1-2.6 scenario thus likely represents major differences in the global
energy and agricultural economies, technology adoption, geopolitics, etc.52. Yet, these
differences translate into only marginal changes in California mean FIP, especially over the next
several decades (i.e., under 2050 climate). For example, in 2050, movement from the SSP2-4.5, no
fuel treatment scenario to the SSP1-2.6, no fuel treatment scenario reduces the FIP increase only
marginally from 114% to 112% of today’s value (Fig. 4a) for the most consequential snapshots or
115% to 112% of today’s value for the random snapshots. However, movement from the
SSP2-4.5, no fuel treatment scenario to the SSP2-4.5, 8 million acre scenario (1.6 million acres per
year at a return interval of five years) reduces the FIP increase from 114% to 88% of today’s
value (Fig. 4a) for the consequential snapshots and 115% to 91% of today’s value for the random
snapshots (Fig. 4b). Thus, these results indicate that over the next several decades, whether or
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not fuel reduction treatment is scaled up has much more leverage on wildfire risk in California
than whether or not global policies dictate the achievement of international emissions targets.

Fig. 4: Change in map-mean Fire Intensity Potentials (FIPs) under various climate and fuel reduction
scenarios. a, for the most consequential weather snapshots, and b, for the randomly selected weather
snapshots. Error bars are standard errors in the domain-mean FIP values across the thirty snapshots. c,d,
FIPs under the various scenarios as a function of a continuous surface fuel type index (shown in space in
the map in panel d, see also Methods). Maps of the predictor variables and how they are altered in the
climate change and fuel reduction scenarios are shown in Extended Data Fig. 1 and Extended Data Fig. 2.

These results come with a number of important caveats (many of which are expounded upon in
the Methods section). One is that the representations of both fuel reduction as well as climate
change are relatively simple. The climate change scenarios only consider warming’s impact on
aridity, keeping constant, for example, absolute humidity, wind, and antecedent precipitation
(discussed in depth in ref.3). The fuel reduction scenarios are represented in a stylized way
(Methods), and future fuel changes do not take into consideration any further fuel
accumulation, other anthropogenic land use changes53, or any response of vegetation to climate
change54,55 or to fires56. Another important caveat is that we have only investigated sixty

10

https://web.endnote.%3D%3D
https://web.endnote.%3D%3D
https://web.endnote.
https://web.endnote.%3D


historical weather snapshots here (though this represents 48,606⨉60=2,916,360 location-hours).
Despite this limited number, we interpret the consistency between the consequential and
randomly selected set of snapshots (cf. Fig. 2 and Fig.3; cf. Fig. 4a and Fig. 4b) as evidence that
our results hold across a wide range of weather conditions. Finally, an important caveat is that
we have not taken into consideration any practical impediments to implementing fuel
reduction, which include physical impediments (e.g., the slope of topography, accessibility,
finding appropriate burn windows for prescribed fire57), cultural and political opposition to
mechanical thinning and prescribed burning58, and federal regulations15. These barriers would
curtail the ability of fuel reduction scenarios to reduce FIP. On the other hand, studies have
shown that much of the wildfire mitigation benefits of fuel reduction can be achieved by
treating only a strategic portion of the land29,59-65 which might indicate that the stated areas in
our targeted fuel treatment scenarios are higher than would actually be necessary to achieve the
calculated effect.

These caveats notwithstanding, the findings here add to a large and growing body of literature
that suggests a substantial potential for hazardous fuel reduction to mitigate wildfire risk in
California and elsewhere29-35,48,59,66-69. At plausible fuel treatment rates, the impact of
warming-induced aridity increases on average fire intensity potential could be negated for the
remainder of the century, even in an SSP2-4.5 emissions scenario. Also, whether or not fuel
reduction is scaled to stated goals has larger leverage on average fire intensity potential than
shifting global greenhouse gas emissions from the SSP2-4.5 to the SSP1-2.6 trajectory.
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Methods

Overview

We seek to empirically quantify the potential effectiveness of widespread hazardous fuel
reduction treatments on wildfire danger in the face of continued increases in fuel aridity due to
climate warming.

Our methodology builds on the methods of ref.3 and is conceptually very similar (See Fig. 1 in
ref.3) but improves on it along several dimensions (Extended Data Table 1). The main
advancement is that in ref.3, we take weather sequences associated with 17,910 fire days and
place them in six different climatological temperature conditions, whereas, in the present study,
we take weather sequences associated with 2,916,360 hours (60 hours × 48,606 locations) and
place them in eighteen different scenarios representing changes in climatological temperature
and fuel characteristics. The result is that this study evaluates ~489 times more data points than
ref.3.

We use machine learning models (specifically neural networks and random forests) and
historical data to quantify the relationships between environmental conditions (predictors) and
fire radiative power (FRP, our response variables). Many traditional regression methods assume
that the influence of any predictor variable is independent of the influence of the other predictor
variables and that their influences are monotonic, if not linear. However, it is well known that
the influence of any one of our predictor variables (Extended Data Table 2) will be highly
conditional on the state of the other predictor variables. Thus, rather than use traditional
regression methods, we use machine learning models (applied similarly in other related
research3,70-74) that are able to account for non-linear, non-monotonic, and interactive
relationships between the predictors without the researcher having to presuppose the functional
forms of such relationships.

Once the relationships are learned (encapsulated in the trained models), we make maps of Fire
Intensity Potential (FIP) for various hourly weather snapshots from our historical dataset. Then,
we take these hourly snapshots and alter background temperature (aridity) and physical fuel
characteristics to quantify the effect of warming and hazardous fuel reduction treatments on FIP
for those weather snapshots.

We use a novel (and, to our knowledge, unprecedented) combination of spatial resolution
(0.5km, the resolution of the VIIRS satellite75,76, temporal resolution (hourly, the resolution of a
dynamically downscaled WRF reanalysis), spatial extent (4.8 million acres in our spatial
domain), temporal extent (9 years, 2012-2020), number of instantaneous fire observations
(27,289) and granularity of fuel characteristics (6 attributes of surface fuels and 4 attributes of
forest canopy from LandFire77 to conduct our assessment.

Other research has been conducted using conceptually similar statistical modeling approaches
at annual2, monthly70,78, or daily3,79 resolutions, but here we conduct analysis at the hourly
resolution, which is the native resolution of our dataset. One advantage of using the hourly
resolution is that it allows for inferences to be made on conditions that can vary substantially
over the diurnal cycle46 (e.g., low 1-hour dead fuel moisture occurring simultaneously with high
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wind speeds). This is a key advantage because there are questions about whether fuel reduction
is as effective under the most extreme fire weather conditions as it is under more moderate
conditions37,80. Another motivation to focus on the hourly timescale is that a primary goal of this
work is to support an operational fire danger forecast model at an hourly resolution
(SJSU-PG&E 2 KMWRF Model Fire Models,
http://www.met.sjsu.edu/weather/wirc-prod/maps/frpMaps.html) that can help inform
decisions for the forthcoming day(s) like the issuance of red-flag warnings, the allocation of
firefighting resources, or the application of de-energization of powerlines. The tradeoff for
retaining the hourly resolution is that computational and memory constraints strongly constrain
the number of hours that can be investigated (this study evaluates ~489 times more data points
than ref.3).

Predictor variables

We use sixteen environmental conditions as predictor variables (Extended Data Table 2). They
consist of one topographic characteristic (slope), ten fuel characteristics (e.g., fuel loads and
canopy characteristics), four weather and climate-influenced fuel aridity measures (1, 10, 100,
and 1000 hour dead fuel moisture, DFM), and one additional weather characteristic (wind).
These predictors represent components of the canonical “wildfire behavior triangle”81 that can
be broken into topography, fuels, and weather.

Topography Characteristics

In the wildfire behavior triangle, it is typical to represent topography with slope, elevation, and
aspect, but we use only slope. This is because the influence of elevation and aspect on fire
danger is primarily through their influences on fuel characteristics (e.g., fuels change
dramatically on the northward vs. southward facing slopes and change dramatically as a
function of elevation). Since fuel characteristics are represented independently (see below), it
would be redundant and inappropriate for our study design to include aspect and elevation as
predictor variables. The slope is included as its own predictor because it has an influence on fire
behavior independent of fuels - allowing for the more efficient preheating of fuels in the upslope
direction82.

Fuel Characteristics

Hazardous fuel reduction treatments seek to reduce surface and canopy fuel loads and alter
other characteristics like canopy base height64. Thus, we seek data that represents these
characteristics so that they can be altered in our fuel reduction scenario. For forested regions, we
represent the forest canopy structure with the four variables that are provided for this purpose
from the Landfire dataset77,83 (Extended Data Table 2). We use LandFire 2012 in our model
training (which trains on fires from 2012 to 2020) and LandFire 2020 as the basis for our future
scenarios.

Some characteristics of surface fuel loads can be estimated directly via remote sensing84, and
promising quantifications are on the horizon85. However, there are no direct estimates of most of
the characteristics we seek to alter in our fuel reduction scenarios. Thus, we estimate six surface
fuel characteristics from their Scott and Burgan surface “fire behavior fuel model” category86.
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Specifically, we take each location's Scott and Burgan category (FBFM40) and assign that
location six surface fuel values based on the standard value obtained from Table 7 in ref.86. Thus,
we use Scott and Burgan categorical data in this study, but only to assign physical fuel
characteristics to a location. Our machine learning models never receive direct information on
the FBFM40 category. This was because we wanted the machine learning models to be trained
only on continuous physical characteristics so that results could be as interpretable as possible
and causality could be plausibly inferred from, e.g., partial dependence relationships (Extended
Data Fig. 6).

A major caveat that might make our results conservative (i.e., may make it so that we
underestimate the influence of fuel reductions) is that the above procedure is an indirect and
imprecise estimate of fuel characteristics. Any errors in these estimates would add noise to the
quantification of the relationship between fuel characteristics and fire intensity and would thus
reduce the leverage of the fuel reduction scenario.

Weather and Climate Characteristics

Typically, the weather's influence on fire danger is represented by the degree to which it is “hot,
dry, and windy.” and predictors like temperature, precipitation, humidity, and wind speed are
often used (e.g., ref.78). Wind tilts flames into fuels, provides oxygen, aids in heat transfer, and
carries hot embers and firebrands ahead of the main fire, causing spot fires82. Thus, in our
analysis, wind serves as its own independent predictor.

The “hot and dry” components are combined and decomposed by their influence on fuels as a
function of timescale. This was done because air temperature affects fire danger primarily via
increasing saturation vapor pressure (lowering the relative humidity) and thus reduced
moisture content of fuels87 but as a strong function of the size of those fuels and thus how long
conditions are sustained88. We thus combine the “hot” and “dry” influences of the
weather/climate by calculating 1-hour, 10-hour, 100-hour, and 1,000-hour dead fuel moisture (in
the same way as in ref.3). The calculations incorporate temperature, relative humidity, and
precipitation over 3,000 hours (125 days) of antecedent conditions since this represents the
period over which 1,000-hour dead fuel moisture would reach ~95% of its equilibrium value.
The fact that these four measures are collinear does not present a problem for our study design
because we do not seek to quantify any one of their independent influences on the response
variable; instead, warming is propagated into all four variables simultaneously in the climate
change scenarios.

Response variable

The fire characteristic that we focus on, serving as our response variable, is geolocated
instantaneous Fire Radiative Power (FRP) in megawatts (MW) within California state lines
obtained from the Visible Infrared Imaging Radiometer Suite (VIIRS) instrument75 on the Suomi
National Polar-orbiting Partnership (Suomi NPP) satellite. The raw satellite data was processed
according to procedures laid out in ref.76.

FRP quantifies a fire's radiant energy release rate and is associated with the fire’s size and
fireline intensity (i.e., power per unit length of the firefront). It thus serves as a proxy for fire
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intensity46 and biomass combustion rates41 and a more indirect proxy for emissions of smoke
and particulate matter42-44, fire spread rates45, and overall fire severity/impacts47,48.

FRP is a useful response variable in our context because the aim of fuel management practices is
not to eliminate fires but to reduce their intensity, spread rates (thereby making containment
easier), and overall impacts when they do occur.

Assignment of predictor variables to response variable

Our starting point for our response variable was 27,289 instantaneous geolocated FRP
observations within California state lines spanning the period 2012-202076. Each FRP detection
has an associated latitude, longitude, and fire size. We assigned topographic and fuel
characteristics to each of these 27,289 FRP values by averaging the 30m resolution values from
LandFire (version 2012, corresponding to the start of the time period) over the size of the fire,
centered on the fire detection’s latitude and longitude.

There was no time dimension for the topographic and fuel characteristics. We did not use
different LandFire versions over the course of the training period because we wanted the
derivations of fuel characteristics to be stationary over the training period. This would not be
the case if multiple LandFire versions were used over the training period because each LandFire
update represents an entirely new quantification of fuels using altered methods, not a simple
update of how the fuels have evolved in time.

We assigned weather/climate variables to each of these 27,289 FRPs by averaging values over
the size of the fire from a high resolution (2km, hourly, with 50 vertical levels) reanalysis
produced by the National Center for Atmospheric Research's (NCAR) Weather Research and
Forecasting (WRF) model (version 4.1.2). See Section S3 of ref.3 for more details on the WRF
reanalysis. This is the same version of WRF that is used to produce the operational version of
this analysis (SJSU-PG&E 2 KMWRF Model). The dead fuel moisture calculations required 125
days or 3,000 hours of antecedent weather (precipitation and humidity). Since the time
resolution of the WRF reanalysis was hourly, the hour nearest to each FRP detection was chosen
to assign the weather value.

Machine learning models

Similar to ref.3, we quantify the relationship between the predictor variables and our response
variables via an ensemble of neural networks and random forest models.

Fifteen random forest models and fifteen neural network models were used. The Neural
Network Models were feed-forward, fully connected, shallow neural networks produced with
the function "fitrnet" built into Matlab (https://www.mathworks.com/help/stats/fitrnet.html).
The random forest models were regression tree ensembles from the “fitrensemble” function
built into Matlab (https://www.mathworks.com/help/stats/fitrensemble.html).

The fifteen models differed from each other in terms of their hyperparameters (Extended Data
Table 4). All sets of hyperparameters were optimized via Bayesian Optimization
(https://www.mathworks.com/help/stats/bayesopt.html), which seeks to minimize
cross-validation loss. This was done fifteen times for each model type because Bayesian
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Optimization is non-determinist and results in different final hyperparameter combinations
each time. In this study, we were not attempting to maximize predictive skill but rather to make
robust inferences about the influence of predictors on our response variable. Thus, all of our
results use the median across all thirty models so that they represent information that is
minimally conditional on the model type or on the peculiarities of specific hyperparameter
combinations.

Validation

We confirm that our predictors provide information that constrains our response variable
(instantaneous FRP detections for individual fires) using leave-1-year-out cross-validation,
where all the FRP detections from each year in our dataset (2012-2020) are held out in sequence,
the remaining data is used to train the machine learning models, and predictions are made on
the year’s worth of held-out data.

The results of this process are shown in Extended Data Fig. 5. The logspace correlation between
instantaneous FRP predictions (median of the thirty machine learning models described in
Extended Data Table 4) and observed FRP values at the level of each individual detection was
r=0.5 (black dots in Extended Data Fig. 5b), with very little mean bias (centered on the 1:1 line,
blue) and a p-value of effectively zero (below machine precision). This demonstrates that there
is certainty that the predictors provide useful information for constraining the response
variable. However, a correlation of r=0.5 means that our predictor set leaves out plenty of
information that affects FRP. This would include, but is not limited to, the lifetime of the fire at
the time of observation, ongoing and antecedent fire suppression efforts; high-resolution
information on topography, fuels, and weather; information on tree mortality; information on
the chemical makeup of fuels, information on the stability of the atmosphere and solar
radiation, snow cover, etc. Also, our means of obtaining fuel characteristics via the standard
values of the FBFM40 categories is indirect and imprecise.

Despite these caveats, predictive skill increases rapidly to r > 0.85 at higher levels of aggregation
(line in Extended Data Fig. 5a). For example, the red dots in Extended Data Fig. 5b are averages
of 10 FRP predictions and their associated observations, resulting in r=0.87. Aggregating in time
also shows similar results. When monthly mean FRP predictions are compared to their
associated observations, the correlation is r=0.9 (Extended Data Fig. 5c).

Overall, our predictor set contains incomplete information for fully determining our response
variable, but it still provides useful information and thus allows us to study the influence of
predictors on the response (the aim of this study).

Fire Intensity Potential (FIP) maps

After the relationships are derived, the machine learning models can predict a hypothetical FRP
at any location so long as the values of all sixteen predictors are provided. The proper
interpretation for these model predictions is “if a fire was active here, under these
environmental conditions, this is what we would expect the FRP to be, based on historical
associations.” Since FRP is a proxy for fire intensity and since we are discussing the potential
intensity if a fire were present, we refer to these predictions as Fire Intensity Potential (FIP).
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Domain for FIP maps

The borders of our domain are defined by the WRF reanalysis used to obtain the weather
variables. This reanalysis was produced to complement PG&E's Operational Mesoscale
Modelling System (POMMS) and thus was centered on PG&E's service territory, excluding a
portion of southeastern California (see Section S3. in ref.3).

Since we are studying the effects of fuel reduction on wildfire danger, we also limit our study
domain to areas that could plausibly be considered for fuel reduction treatments, seeking to
eliminate urban areas, California’s agricultural Central Valley, and the Mojave desert. The
criteria we used for this was that the 2km grid cell must have had > 2 tons per acre of surface
fuels in the pre-treatment condition. This produced a spatial pattern consistent with
independent estimates of land at risk of fire (e.g., ref.89) and also a total area very similar to that
from comparable analysis conducted with other surface vegetation datasets like the California
Department of Forestry and Fire Protection’s (CALFIRE) Fire and Resource Assessment
Program’s (FRAP) ‘FVEG’ map15.

Hourly weather snapshots

We conduct the investigation at the hourly resolution because that is the native resolution of our
model training datasets, and it is useful to be able to investigate climatological changes in fire
weather within the diurnal cycle46. This is particularly relevant for wind, whose important
influence can be averaged out at daily and coarser temporal resolutions. Furthermore, retaining
the hourly resolution allows us to create operational FIP forecasts at that resolution (SJSU-PG&E
2 KMWRF Model Fire Models), which can inform daily operational decisions.

Background climate warming and fuel reduction may have different relative effects on fire
severity depending on how extreme the fire weather is (e.g., how fast the winds are26,36,37. Thus,
we compared hourly weather snapshots for potentially extreme fire weather to randomly
selected hourly weather snapshots. The potentially extreme fire weather snapshots were
selected based on their consequences in terms of having the most observed FRP over the entire
domain over the timespan of our dataset (Fig. 1a). In order to sample instances that represented
relatively independent synoptic weather events, we included a criterion that hours be separated
from each other by at least four days. We also selected thirty random hourly weather snapshots
(using a random number generator) to assess the generalizability of the results.

We selected thirty snapshots for each category (sixty total) because n=30 is a common heuristic
for the minimum number of observations needed to draw statistical inferences. Note, however,
that this corresponds to 48,606⨉60=2,916,360 location-hours. We selected only thirty snapshots
because of practical computational and memory constraints (as it is, this study evaluates ~489
times more data points than ref.3). The similarity in results between the set of the thirty most
consequential hours and the thirty random hours (e.g., Fig. 4a vs. Fig. 4b) is evidence that our
conclusions would not be sensitive to the inclusion of more hours.

Altered fuel and climate scenarios
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Our main research goal is to assess the potential for fuel reduction to counteract climate
warming. This is addressed in terms of how FIP maps for historical weather snapshots change
as they are placed in different background fuel characteristics and climatological temperature
conditions. The climatological temperature conditions are associated with the
climate-model-calculated warming of the SSP1-2.6 and SSP2-4.5 scenarios in 2041-2060 (labeled
2050 in our study) and 2081-2100 (labeled 2090 in our study). The fuel characteristics are altered
according to previously published estimates of the influence of fuel reduction treatments on
those characteristics.

Climate change scenarios

Background anthropogenic warming was obtained from the Coordinated Regional
Downscaling Experiment (CORDEX, https://cordex.org/). CORDEX has a 12.5km spatial
resolution over our domain. Data were downloaded separately for each month of the year and
as a function of space over our domain (See Fig. S21 in ref.3) and were bilinearly interpolated to
our 2km grid. A mean temperature change was calculated from the present to 2050 and to 2090,
and this warming was then translated into increases in aridity for our four aridity predictors
(Extended Data Fig. 1 and Extended Data Fig. 6). This required precipitation, pressure, and
absolute humidity data over the antecedent 3,000 hours (125 days) for each hourly snapshot that
we investigated. See the discussion around equations S5-S10 in ref.3 and the discussion in
Section 4 of ref.88 for further details on how temperature change is propagated into aridity
change.

Universal fuel treatment scenario

We sought a simple way to alter our fuel characteristics to represent hazardous fuel reduction
treatments. This alteration was intended to represent both mechanical thinning and prescribed
burning in forests and prescribed burning and/or enhanced grazing in shrub and grassland.
Since we derived our six surface fuel characteristics (numbered 2-7 in Extended Data Table 2)
from the standard values associated with their Scott and Burgan surface “fire behavior fuel
model” category (FBFM4086), we also altered these six surface fuel characteristics by altering
their FBFM40 category. For this purpose, we follow ref.90. In the post-treatment condition, all
surface fuel characteristics were assigned the value from the lowest Scott and Burgan surface
fuel model from within that category (i.e., all GRs were assigned values corresponding to GR1,
all GSs were assigned values corresponding to GS1, etc.). Since hazardous fuel treatments aim to
reduce fuel loads, an additional criterion that no fuel loads could increase in the post-treatment
condition was applied. Under the circumstances where the post-treatment condition within a
category would have produced more fuel for a particular characteristic (i.e., 100-hr fuel load)
than the pre-treatment condition, the pre-treatment value was retained (Extended Data Table 3).
It is important to emphasize that the surface fuel characteristics are modified according to
corresponding modifications to their FBFM40 category but that the machine learning models do
not explicitly incorporate FBFM40 categories. This was to keep predictors as physical as possible
(i.e., having continuous physical units) to maximize the interpretability of the results.
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In forested areas, treatment effects on canopy characteristics were represented as proportional
adjustments to their pre-treatment characteristics again following ref.90. In the post-treatment
condition the canopy cover was reduced to 75% of its pretreatment value, canopy height, and
canopy base height were increased by 20% of their pretreatment values, and canopy bulk
density was decreased to 50% of its pretreatment value (Extended Data Fig. 2 and Extended
Data Fig. 6).

Extended Data Fig. 6 shows the predictors ranked from one to sixteen by the magnitude of the
variation of the partial dependence function (max-min). Thus, the five weather variables had the
most individual impact on the machine learning model predictions of FRP, followed by the one
topographic variable and then the ten fuel characteristics. Considering the partial dependence
function superimposed on the fuel reduction alteration indicates that reduced fuel bed depth,
reduced live herbaceous fuel load, reduced live woody fuel load, and reduced canopy bulk
density make up a substantial portion of the overall effect of hazardous fuel reduction
treatments.

Targeted fuel treatment scenarios

For the targeted fuel treatment scenarios of 1, 2, 4, and 8 million acres (Fig. 4, Extended Data Fig.
3, Extended Data Fig. 4), we replace non-treated 2km land grid boxes with treated grid boxes in
the order of how impactful those replacements would be (i.e., for the treatment of 1 million
acres, the 1 million acres where FIP decreased the most from fuel reduction were placed in the
treatment condition). The calculation of where treatment had the largest impact was calculated
only once under today's climate conditions (i.e., it was not recalculated for each future climate
condition).

Surface fuel type index and FIP as a function of surface fuel type index

The surface fuel type index shown in Fig. 4c and Fig. 4d was calculated by assigning each
30-meter pixel (LandFire resolution) a value according to its FBFM40. These values were 1 for all
timber litter pixels, 2 for all timber understory pixels, 3 for all slash-blowdown pixels, 4 for all
shrub pixels, 4.5 for all grass-shrub pixels, and 5 for all grass pixels. Then, within each 2km grid
box, the 4,444-pixel values were averaged together to get a single number for each 2km grid
box, which is shown in the inset in Fig. 4d). The lines in Figs. 4c and 4d were calculated by
ranking the 2km pixels by their continuous surface fuel type index and applying an 100-point
rlowess smooth
(https://www.mathworks.com/help/curvefit/smooth.html#mw_ad6b65fd-4dac-46c4-a649-a7a
0b301eb80) to the associated FIP values.
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Extended data figures and tables

Extended Data Table. 1: Differences between Brown et al. 2023 and this study.
Category Subcategory Brown et al. (2023) Present Study

Predictor variables

Weather timescale Daily Hourly

Fuel characteristics 2 variables 10 variables

Assignment to fire at each
timestep?

No, only ignition lat/lon
available

Yes, new assignment for each
detection

Precipitation

Precipitation redundant as it
appears as its own predictor

as well as within DFM
calculation

Precipitation only included within
DFM calculation

Response variable

Resolution 1.5km (from MODIS) 0.5km (from VIIRS)

Number of observations in
training set

17,910 27,289

Type of ML set up Binary classification* Regression on continuous variable

Extrapolate in space No Yes, creating FIP maps

Number of data points placed
in different scenarios

17,910 (fire-days)
2,916,360 (60 maps, each with 48,606

locations)

Machine Learning
Models

Hyperparameter optimization
method

Test random combinations Use Bayesian Optimization

Number of hyperparameters
tuned

3 for random forests and 3
for neural networks

6 for random forests and 9 for
neural networks

Projections

Climate change propagation

Change in temperature
inelegantly propagated into
temperature itself as well as
VPD and DFM predictors

Temperature elegantly propagated
into only DFMs at 4 relaxation

timescales

Climate change scenarios Include implausible RCP8.5*
Does not include implausible

RCP8.5

Climate model resolution ~1 degree (CMIP6)
12.5km (CORDEX, dynamically

downscaled)

Number of scenarios 6 36

Framing

Topic
Look exclusively at the
effect of climate change*

Put effect of climate change in
context of other relevant factor that

could offset climate change

Variable of study
Change in probability of
crossing threshold*

Change in magnitude of response
variable
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Extended Data Table. 2: Sixteen predictors used in this study, their data sources and whether
they were altered in the climate change and fuel reduction scenarios.

Variable
Number

Variable Name Unit Source Original
Resolution

Altered in
Fuel
Treatment
Scenario

Altered in
Climate
Change
Scenarios

Topography 1 Slope ° LandFire 30m No No

Fuels Surface Fuel Characteristics

2 1-hour dead fuel
load

tons/acre Scott and Burgan
Standard Values via
LandFire

30m Yes No

3 10-hour dead
fuel load

tons/acre Scott and Burgan
Standard Values via
LandFire

30m Yes No

4 100-hour dead
fuel load

tons/acre Scott and Burgan
Standard Values via
LandFire

30m Yes No

5 Live Herbaceous
fuel load

tons/acre Scott and Burgan
Standard Values via
LandFire

30m Yes No

6 Live Woody fuel
load

tons/acre Scott and Burgan
Standard Values via
LandFire

30m Yes No

7 Fuel Bed depth ft Scott and Burgan
Standard Values via
LandFire

30m Yes No

Forest Canopy Characteristics

8 Canopy Cover % LandFire 30m Yes No

9 Canopy Height m LandFire 30m Yes No

10 Canopy Base
Height

m LandFire 30m Yes No

11 Canopy Bulk
Density

kg/m3 LandFire 30m Yes No

Weather Temperature-affected fuel aridity

12 1-hour dead fuel
moisture

% WRF Reanalysis 2km, 1hr No Yes
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13 10-hour dead
fuel moisture

% WRF Reanalysis 2km, 1hr No Yes

14 100-hour dead
fuel moisture

% WRF Reanalysis 2km, 1hr No Yes

15 1000-hour dead
fuel moisture

% WRF Reanalysis 2km, 1hr No Yes

Other Weather

16 Wind Speed m/s WRF Reanalysis 2km, 1hr No No
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Extended Data Fig. 1: Average conditions (across the thirty consequential snapshots) for the
five weather variable predictors under three background climate conditions.
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Extended Data Fig. 2: The base maps of the ten fuel characteristic predictors (left two
columns) and their state after universal fuel reduction (right two columns). See Extended
Data Table 3 for more details on how fuel characteristics are altered in the fuel reduction
scenario.
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Extended Data Table. 3: Pre-treatment and post-treatment values for the six surface fuels. In
forested areas, treatment effects on canopy characteristics were represented as proportional
adjustments to their pre-treatment characteristics (following ref.90). In the post-treatment
condition, the canopy cover was reduced to 75% of its pretreatment value, canopy height, and
canopy base height were increased by 20% of their pretreatment values, and canopy bulk
density was decreased to 50% of its pretreatment value. See the manifestation of these
alterations in maps in Extended Data Fig. 2 and in the context of predictor partial dependence
function in Extended Data Fig. 6).

Pre Treatment Post Treatment (No increase in fuel allowed)

Categor
y

FBFM40
model

1-hr
(t/ac)

10-hr
(t/ac)

100-hr
(t/ac)

Live
herb
(t/ac)

Live
woody
(t/ac)

Fuel
Bed
Depth
(ft)

FBFM40
model

1-hr
(t/ac)

10-hr
(t/ac)

100-hr
(t/ac)

Live
herb
(t/ac)

Live
woody
(t/ac)

Fuel
Bed
Depth
(ft)

Grass GR1 0.1 0 0 0.3 0 0.4 GR1 0.1 0 0 0.3 0 0.4

GR2 0.1 0 0 1 0 1 GR1 0.1 0 0 0.3 0 0.4

GR3 0.1 0.4 0 1.5 0 2 GR1 0.1 0 0 0.3 0 0.4

GR4 0.25 0 0 1.9 0 2 GR1 0.1 0 0 0.3 0 0.4

GR5 0.4 0 0 2.5 0 1.5 GR1 0.1 0 0 0.3 0 0.4

GR6 0.1 0 0 3.4 0 1.5 GR1 0.1 0 0 0.3 0 0.4

GR7 1 0 0 5.4 0 3 GR1 0.1 0 0 0.3 0 0.4

GR8 0.5 1 0 7.3 0 4 GR1 0.1 0 0 0.3 0 0.4

GR9 1 1 0 9 0 5 GR1 0.1 0 0 0.3 0 0.4

Grass-sh
rub

GS1 0.2 0 0 0.5 0.65 0.9 GS1 0.2 0 0 0.5 0.65 0.9

GS2 0.5 0.5 0 0.6 1 1.5 GS1 0.2 0 0 0.5 0.65 0.9

GS3 0.3 0.25 0 1.45 1.25 1.8 GS1 0.2 0 0 0.5 0.65 0.9

GS4 1.9 0.3 0.1 3.4 7.1 2.1 GS1 0.2 0 0 0.5 0.65 0.9

Shrub SH1 0.25 0.25 0 0.15 1.3 1 SH1 0.25 0.25 0 0.15 1.3 1

SH2 1.35 2.4 0.75 0 3.85 1 SH1 0.25 0.25 0 0 1.3 1

SH3 0.45 3 0 0 6.2 2.4 SH1 0.25 0.25 0 0 1.3 1

SH4 0.85 1.15 0.2 0 2.55 3 SH1 0.25 0.25 0 0 1.3 1

SH5 3.6 2.1 0 0 2.9 6 SH1 0.25 0.25 0 0 1.3 1

SH6 2.9 1.45 0 0 1.4 2 SH1 0.25 0.25 0 0 1.3 1

SH7 3.5 5.3 2.2 0 3.4 6 SH1 0.25 0.25 0 0 1.3 1

SH8 2.05 3.4 0.85 0 4.35 3 SH1 0.25 0.25 0 0 1.3 1

SH9 4.5 2.45 0 1.55 7 4.4 SH1 0.25 0.25 0 0.15 1.3 1

Timber
Underst
ory

TU1 0.2 0.9 1.5 0.2 0.9 0.6 TU1 0.2 0.9 1.5 0.2 0.9 0.6

TU2 0.95 1.8 1.25 0 0.2 1 TU1 0.2 0.9 1.25 0 0.2 0.6

TU3 1.1 0.15 0.25 0.65 1.1 1.3 TU1 0.2 0.15 0.25 0.2 0.9 0.6

TU4 4.5 0 0 0 2 0.5 TU1 0.2 0 0 0 0.9 0.5
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TU5 4 4 3 0 3 1 TU1 0.2 0.9 1.5 0 0.9 0.6

Timber
Litter

TL1 1 2.2 3.6 0 0 0.2 TL1 1 2.2 3.6 0 0 0.2

TL2 1.4 2.3 2.2 0 0 0.2 TL1 1 2.2 2.2 0 0 0.2

TL3 0.5 2.2 2.8 0 0 0.3 TL1 0.5 2.2 2.8 0 0 0.2

TL4 0.5 1.5 4.2 0 0 0.4 TL1 0.5 1.5 3.6 0 0 0.2

TL5 1.15 2.5 4.4 0 0 0.6 TL1 1 2.2 3.6 0 0 0.2

TL6 2.4 1.2 1.2 0 0 0.3 TL1 1 1.2 1.2 0 0 0.2

TL7 0.3 1.4 8.1 0 0 0.4 TL1 0.3 1.4 3.6 0 0 0.2

TL8 5.8 1.4 1.1 0 0 0.3 TL1 1 1.4 1.1 0 0 0.2

TL9 6.65 3.3 4.15 0 0 0.6 TL1 1 2.2 3.6 0 0 0.2

Slash-Bl
owdow

n

SB1 0 15 0 0 0 1 SB1 0 15 0 0 0 1

SB2 10 0 0 0 0 1 SB1 0 0 0 0 0 1

SB3 10 0 0 0 0 1.5 SB1 0 0 0 0 0 1

SB4 10 0 0 0 0 1.5 SB1 0 0 0 0 0 1

Non-Bur
nable

NB1 0 0 0 0 0 0 NB1 0 0 0 0 0 0

NB2 0 0 0 0 0 0 NB2 0 0 0 0 0 0

NB3 0 0 0 0 0 0 NB3 0 0 0 0 0 0

NB8 0 0 0 0 0 0 NB8 0 0 0 0 0 0

NB9 0 0 0 0 0 0 NB9 0 0 0 0 0 0
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Extended Data Table 4: Hyperparameters used in the thirty machine learning models.
Neural Network Random Forest

NumLayer
s

Activation
s

Standardiz
e Lambda

LayerWeightsIniti
alizer

LayerBiasesInitialize
r Layer_1_Size

Layer_2_Siz
e

Layer_3_Siz
e

MinLeafS
ize

MaxNumS
plits

NumVariablesT
oSample Method

NumLearnin
gCycles

LearnRat
e

2 sigmoid TRUE 5.14343E-10 he ones 94 59 3 3750 4 Bag 341

2 tanh FALSE 0.593086789 glorot ones 73 38 2 3496 4 LSBoost 60 0.101086

2 tanh TRUE 0.062738436 glorot zeros 293 6 7 2473 5 Bag 430

1 tanh FALSE 0.009311794 glorot zeros 101 18 14294 10 Bag 11

3 sigmoid TRUE 1.93908E-09 glorot zeros 3 2 9 8 4608 2 LSBoost 286 0.040545

1 relu TRUE 1.29452E-08 glorot zeros 2 5 22130 5 Bag 139

1 sigmoid TRUE 0.094512392 he zeros 243 2 4501 4 Bag 95

1 relu FALSE 4.495E-10 glorot zeros 232 3 26193 3 Bag 490

1 sigmoid TRUE 0.712843234 glorot ones 89 3 2344 8 Bag 394

3 sigmoid TRUE 3.69926E-10 he ones 55 19 70 3 6032 7 Bag 143

2 tanh FALSE 1.339920887 glorot zeros 27 82 12 202 2 LSBoost 64 0.105735

2 tanh TRUE 0.712009205 he ones 25 167 10 16985 9 Bag 67

3 tanh TRUE 2.244015242 he ones 4 27 87 2 2335 2 Bag 391

2 sigmoid TRUE 0.139426304 glorot zeros 185 3 16 20191 10 Bag 18

2 sigmoid FALSE 1.537153126 he ones 295 13 3 21621 5 Bag 183
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Extended Data Fig. 3: Difference in FIP for the thirty most consequential weather snapshots
between today’s climatological temperature and that in 2050 and 2090 under six levels of
targeted fuel treatment extent. If fuel reduction were maintained at a frequency of once every
five years, the intermediate scenarios would correspond to treatment rates of 200,000 acres/year
(0.4% of our domain), 400,000 acres/year (0.8% of our domain), 800,000 acres/year (1.7% of our
domain), and 1,600,000 acres/year (~3% of our domain). See extended Data Fig. 4 for the effects
of these targeted treatments on domain-mean FIPs.
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Extended Data Fig. 4: Same as Fig. 4a and 4b but for all the treatment extent scenarios. a,b, for
the thirty most consequential weather snapshots, and c,d for the thirty random weather
snapshots. a,c for the SSP1-2.6 scenario and b,d for the SSP2-4.5 scenario.
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Extended Data Fig. 5: Validation of machine learning predictions on out-of-training-sample
data using leave-one-year-out cross-validation. a, correlation in log space between model
ensemble median predictions (median across thirty machine learning models) and observations
as a function of the number of predictions averaged together. b, scatterplots of ensemble median
predictions and observations without any averaging of multiple predictions (black) and for
averaging ten predictions together (red). c, all observations (blue) and predictions (black)
represented in time (dots) as well as monthly mean values (lines). The correlation at the
monthly mean level between predictions and observations is r=0.9.
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Extended Data Fig. 6: The partial dependence of each predictor and the shift in their
distributions under the climate change and fuel reduction scenarios. Black lines are the partial
dependence functions
(https://www.mathworks.com/help/stats/regressiontree.partialdependence.html) averaged
over the machine learning models (with standard deviations shown in gray). The two
distributions represent the reference distribution without any alteration and a shifted
distribution. The shifted distribution corresponds to the effect of climate change for the
weather/climate variables (1, 10, 100, and 1,000 dead fuel moisture), and it represents
hazardous fuel reduction treatments for the fuel characteristics.
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