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Abstract

This study predicts summer (June—September) fire burned area across the western United States
(U.S.) from 1984 to 2020 using ensembles of statistical models trained with pre-fire season climate
conditions. Winter and spring climate conditions alone explain up to 53% of the interannual
variability and 58% of the increasing trend of observed summer burned area, which suggests that
climate conditions in antecedent seasons have been an important driver to broad-scale changes in
summer fire activity in the western U.S. over the recent four decades. Relationships between
antecedent climate conditions with summer burned area are found to be strongest over
non-forested and middle-to-high elevation areas (1100-3300 m). Statistical models that predict
summer burned area using both antecedent and fireseason climate conditions have improved
performance, explaining 69% of the interannual variability and 83% of the increasing trend of
observed burned area. Among the antecedent climate predictors, vapor pressure deficit averaged
over winter and spring plays the most critical role in predicting summer fire burned area. Spring
snow drought area is found to be an important antecedent predictor for summer burned area over
snow-reliant regions in the nonlinear statistical modeling framework used in this analysis. Namely,
spring snow drought memory is realized through dry anomalies in land (soil and fuel) and
atmospheric moisture during summer, which favours fire activity. This study highlights the
important role of snow drought in subseasonal-to-seasonal forecasts of summer burned area over

snow-reliant areas.

1. Introduction

Since the beginning of the 21st century, the Intergov-
ernmental Panel on Climate Change has projected
increases in summer wildfire risk in North America
associated with decreased snowpack and increased
summer drying caused by human-induced global
warming [1, 2]. This projection holds true to a large
degree in the western United States (U.S.) as obser-
vations have revealed persistent increasing trends in
temperature, aridity and wildfire burned area since
the mid-1980s [3—8]. It is well established that the
observed increase in fire activity in the western U.S. is
predominately explained by warmer and drier springs
and summers caused by natural and human-induced

© 2022 The Author(s). Published by IOP Publishing Ltd

climate changes [3, 8—11]. This is consistent with
analyses of global paleo fire and climate records that
indicate rapid warming has historically played an
important role in modulating broad-scale fire activ-
ity over the past two millennia [12, 13]. Climate
simulations considering a range of greenhouse gas
concentration trajectories have projected that abrupt
human-caused climate changes will likely contribute
to further increases in fire hazard over the next cen-
tury in the U.S. [14, 15]. This projection has striking
societal and environmental consequences because
fires cause thousands of smoke-related deaths per
annum which is projected to increase throughout this
century [15, 16], increased COVID-19 mortality [17],
permanent changes to ecosystems [18], persistent
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changes to streamflow [19], and multi-billion-dollar
suppression  expenditures  (www.nifc.gov/fire-
information/statistics/suppression-costs). A robust
understanding of the relationships between fire
activity and climate conditions susceptible to change
can enable better preparation for these consequences
via implementation of policy and management
that addresses these relationships as well as mod-
els that more accurately predict fire activity to inform
resource allocation.

Since the early 2000s, a suite of statistical ana-
lyses has quantified relationships between summer
fire activity and various climate conditions in the
western U.S. 3, 5, 9-11, 20-22]. Many of these rela-
tionships have been reviewed by Littell et al [23, 24].
These statistical models primarily differ based on spa-
tial and temporal resolutions and domains, model
complexity, and climate predictors. However, they
each support that broad-scale fire activity across the
western U.S. has been mostly explained by fluctu-
ations in antecedent and fire season climate con-
ditions since the mid-1980s. For instance, Wester-
ling et al [3] concluded that wildfire activity in the
western U.S. made an abrupt transition in the mid-
1980s from infrequent and short-burning wildfires
to more frequent longer-burning fires due to unusu-
ally warm springs and longer and drier summers. A
series of follow-up studies have shown that after this
transition, the majority of interannual variability in
burned area can be explained by climate conditions
(5,9, 11].

The above body of work provides valuable
insights on relationships between climate variabil-
ity and fire. However, they do not provide in-depth
analyses that relate only pre-fire climate conditions to
summer fire activity, which are essential for lead-time
(e.g. subseasonal-to-seasonal) fire forecasts [25]. Pre-
vious studies that have compared antecedent climate
conditions with fire season burned area have repor-
ted significant relationships between pre-fire cli-
mate and fire activity, but have not comprehensively
explored how much of the interannual variability or
trend in fire season burned area can be explained by
pre-fireseason climate alone [9, 10, 26-30]. Multiple
of these studies have reported the effects of ante-
cedent soil moisture conditions. Namely, wetter con-
ditions 1-3 years before fire seasons in fuel-limited
regions correspond with greater fire activity, and
drier antecedent conditions in the months preced-
ing the fire season tend to favour more fire activities
[26-28]. A recent study that explored relationships
between antecedent climate and fire season activity
in a multivariate analysis showed machine learn-
ing models that predict burned area using both pre-
fire and fire season conditions outperform models
that use only fire season conditions [20]. Although
previous research underlines that antecedent con-
ditions contain unique information for enhancing
fireactivity predictability, it has not yet established a
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comprehensive quantitative relationship between fire
season severity and pre-fire climate alone. Moreover,
interannual changes in winter and spring snowpack
have important relationships with fires [3, 10], motiv-
ating our hypothesis that a large portion of summer
burned area variability and trend can be explained by
pre-fire climate conditions alone, with an important
contribution from pre-fire snowpack conditions in
snow-reliant areas over the western U.S.

Indeed, dramatic temperature-driven declines in
snowpack across the western U.S. [31] are con-
sidered an important link between climate trends and
increasing fire hazard [3, 10]. Namely, reductions
in winter and spring snowpack (particularly dur-
ing snow drought) drive earlier spring melt, increase
surface temperature and evaporation due to snow-
albedo feedback, and more quickly deplete moisture
of vegetation and soil, leading to longer and drier
summers [32]. The historically observed trend of
declining snowpack has been projected to continue
through the remainder of this century [33, 34]. Thus,
understanding relationships between snow drought
and fire over contemporary landscapes is imperative
to project how future snowpack changes will impact
fire activity, particularly in the western U.S. How-
ever, the snow-drought-fire interactions and the pre-
dictive ability of snow drought combined with other
winter and spring climate conditions in predicting
summer fire activity has not been fully understood
and evaluated.

In this study, we use ensembles of nonlinear stat-
istical models to predict summer fire burned area
across the western U.S. based on pre-fire (winter and
spring) climate including snow drought conditions. A
unique novelty of this study is that we explore the pre-
dictability of burned area with combinations of pre-
fire climate conditions and the role of snow-drought-
fire interactions in modulating summer fire hazard.
The goal of this study is to answer three following
science questions. (i) What percent of interannual
variability and trend in summer burned area can be
explained by pre-fire climate conditions alone? (ii)
What predictive information is contained in summer
climate conditions that is not provided by winter and
spring climate conditions? (iii) To what degree can the
inclusion of snow drought enhance the predictabil-
ity of summer fire activity relative to other tradition-
ally used climate predictors? The overarching object-
ives of this study are to advance the understanding of
seasonal climate-fire relationships, explore a method-
ology capable of predicting broad-scale fire burned
area across the western U.S., and thus better inform
policy and resource allocation.

2. Method

2.1. Study domain
The spatial domain considered in this study includes
all areas classified by MODIS satellite observations
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Figure 1. Study domain details. (a) White shaded regions represent the snow-effected area used for the analysis. 500 m resolution
observed burned fractions from 1984 to 2020 (in yellow to red shades) are overlain. (b) Box and whisker plots of burned area by
month highlight that 94% of the burned area from 1984 to 2020 has occurred during summer months. Variability in boxplots is
from the spread in burned area across different years, and whisker lengths are equivalent to the interquartile range. Outliers are
plotted as red ‘4. (c) Scatter plot of summer burned area for the study domain shown in (a) (horizontal axis) and the entire
western U.S. (vertical axis) during 1984-2020 reveals that interannual variability of summer burned area in the study domain is

[35] as forest, grassland, or savanna in the western
U.S. (north of 32° latitude and west of —104° lon-
gitude) below typical tree lines (<3300 m) [36] that
have received adequate snowfall in winter and spring
(peak snow water equivalent (SWE) > 100 mm)
(figure 1(a)). The peak SWE threshold is imposed
to limit the study domain to areas potentially
affected by snow drought following Livneh and
Badger [33] which supports assessing the import-
ance of spring snow drought as a predictor of sum-
mer fire activity. The main results and conclu-
sions presented herein are qualitatively insensitive to
the choice of this peak SWE threshold (see sens-
itivity analyses in figures S1-S3 available online at
stacks.iop.org/ERL/17/054030/mmedia). The preced-
ing elevation and vegetation screening are performed
to confine the domain to areas susceptible to fires,
which reduces the domain area by 8% while retain-
ing 99% of the burned area relative to all areas that
meet the peak SWE threshold. After applying the
aforementioned spatial screening, the study domain
contains 43% land area and 61% burned area dur-
ing 1984-2020 relative to the entire western U.S.
(figure 1(a)). The interannual variability of burned
area for the study domain is representative of the
burned area over the entire western U.S., indicated
by a very high correlation (r = 0.97) between fire-
season burned area across the study domain and the
entire western US (figure 1(c)). We select summer
months (June-September) as the fire season in this
analysis, which contains 94% of the total burned area
within the study domain (figure 1(b)). Figure S10
shows that including May in the summer months (i.e.

May-September) does not affect the qualitative rela-
tionships between pre-summer climate and summer
burned area presented herein. Note that the domain
has experienced an increasing trend in annual burned
area from 1984 to 2020 for each calendar month
(figure S4 and table S1).

2.2. Generalized additive models
All models in this study are trained or evaluated over
a 37 year period (1984-2020) when satellite-observed
fire records from Landsat and MODIS are available
(see table S4). We employ the widely-used generalized
additive models (GAMs) [37] using a Gaussian distri-
bution to quantify the relationship between summer
burned area and pre-fire climate conditions. GAMs
are trained in the statistical software R [38] using
the mgcv package [39]. GAMs are logistic regression
models, similar to normal linear regression models,
but replace the linear form of ) Bjx; with a sum of
nonlinear smooth functions _ sj(x;). Initial testing
was performed using more complex machine learn-
ing algorithms: random forest (RF) and support vec-
tor machines (SVM). However, the GAMs provided
a better performance (higher r and lower root mean
square error (RMSE)) than the more complex RF and
SVM models. Thus, this study uses GAMs for predic-
tion and analyses due to their superior performance
with high computational efficiency. Further, GAMs
have been successfully used to forecast drought [40]
and explore climate and fire relationships [26].
Climate predictors are pre-treated with a
principal component analysis to remove linear
correlations among each predictor set [41]. We use
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all principal components as predictors in GAMs. This
dramatically increases the computational efficiency
of model selection and training by reducing the num-
ber of potential model configurations. Further, this
allows all information from predictors to be used
by GAMs. This choice may result in model overfit-
ting which is penalized in the model ensemble selec-
tion procedure (described below) and robust evalu-
ations presented in this study (i.e., leave-one-year-
out cross validations and retroactive forecasts). To
further limit the influence of nonlinear relationships
between predictors (i.e. overlapping information),
we only consider GAMs that compute a concurvity
for each covariate to be less than 0.4 [42]. Following
the methodology of Zhang et al [43], we include elev-
ation bins as intercepts, as shown in equation (1), to
allow for different baseline burned areas among three
bins: (a) 0 <z <1100 m, (b) 1100 < z < 2200 m, (c)
2200 < z < 3300. Thus, this binning procedure allows
for the inclusion of elevation effects on climate-fire
relationships (e.g., [28]) while tripling the num-
ber of data points in model fitting (37 years x 3
elevation bins = 111 data points) which improves
model robustness. Binning data by elevation also
implicitly accounts for elevation-dependent vegeta-
tion distributions. Specifically, lower elevation areas
(0-1100 m) are comprised of 43% forested and 57%
non-forested areas, whereas middle (1100-2200 m)
and high (2200-3300 m) elevation areas are com-
prised primarily of non-forested vegetation classific-
ations (86% and 96%, respectively) based on 500 m
MODIS land type data.
GAMs used in this study can be written as:

¢(E(BurnedArea)) =s(PCy) +...+s(PC,)
+ elevation bin (1)

where g(-) is a Gaussian link function, E(Burned
Area) is the expected value of burned area given the
set of predictors, s(-) is a nonlinear smooth function
of climate predictors, PC; is the ith principal com-
ponent for a set of climate predictors, and # is the
number of climate predictors used in each GAM. To
explicitly account for vegetation effects on climate-
fire relationships, we run an additional experiment
where GAM predictors are binned by vegetation (for-
ested and non-forested areas) instead of elevation.
We use an ensemble approach to ensure that res-
ults are insensitive to model-specific characteristics.
First, 100 bestperforming model ensemble members
(evaluated based on all unique combinations of the
antecedent climate predictors described in table 1
and data sources listed in table S4; totally 121,652
ensemble members tested) are chosen based on min-
imized Akaike Information Criterion. To enforce con-
sistency in model structure across each ensemble, we
group each of the 100-member ensembles accord-
ing to their number of climate predictors (i.e. ten
ensembles using two to eleven predictors). We do
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not consider models exceeding eleven predictors
as these are prone to over-parameterization (i.e.
overfitting). We select the bestperforming ensemble
(i.e. optimal number of predictors) on the basis
of a maximized Taylor Score [44] in the leave-
one-year-out cross-validation for each ensemble
mean to ensure presentation of robust predictions
(figure S9) [25].

A novel aspect of these models is the inclu-
sion of snow drought conditions based on a
recently developed snow drought index (SWEL see
section 2.4) [45]. This is because, despite possible
interactions between early spring snowmelt and
fire activity [3, 46], snow drought conditions have
not been assessed within multivariate fire predic-
tion frameworks. We also compare the effective-
ness of snow drought with that of a traditionally
used meteorological drought index (Palmer drought
severity index; PDSI) in predicting summer burned
area, since PDSI has been a widely used predictor of
burned area within statistical modeling frameworks
[9, 11, 23, 25]. All results presented herein are from
the bestperforming model ensembles using snow
drought conditions or PDSI conditions, which use
five or seven predictors, respectively (figure S9).

2.3. Remotely sensed burned area

As described in table S4, we use fire perimeters from
the Landsat-based Monitoring Trends in Burn Sever-
ity (MTBS) dataset [47] to derive 1984-2019 sum-
mer burned area. The MTBS dataset considers large
fires (>404 ha for the western U.S.), which have been
estimated to account for greater than 95% of total
burned area in the domain [48]. Following the meth-
odology from Higuera and Abatzoglou [5], we derive
the 2020 fire data, which has not been included in the
MTBS dataset at the time of conducting this study,
by bias correcting MODIS burned area [49] towards
MTBS data using a simple linear model. A linear
model is adequate for this bias correction because
MODIS and MTBS summer burned area are highly
correlated (r? = 0.99). The high correlation between
MTBS and MODIS burned area also supports that
MTBS accurately depicts interannual variability and
trend in summer burned area in spite of its omission
of small fires.

2.4. Climate data

Climate conditions evaluated in this study (table 1)
are from widely used spatially and temporally
continuous data products (table S4). All climate data
used in this study are derived entirely or partially
from observations with long-term high-resolution
gridded records whenever possible (table S4). Given
the lack of spatially and temporally continuous
observational products for soil moisture, evapo-
transpiration (ET) and potential evapotranspira-
tion (PET), we use a ~12 km hourly reanalysis
dataset (Phase 2 of the North American Land Data
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Table 1. Descriptions of climate predictors. Climate predictors are averaged over winter (November through February), spring (March
through May), winter—spring (November through May) and summer months (June through September). All spatial averaging is
performed over the entire study domain (see figure 1).

Predictor

Description

Spring snow water equivalent
drought index (SWEI)

Spring snow drought area
Winter vapor pressure deficit
(VPD)

Spring vapor pressure deficit
Winter—spring vapor pressure
deficit

Summer vapor pressure deficit
Winter temperature

Spring temperature
Winter—spring temperature

Summer temperature
Winter precipitation

Spring precipitation
Winter—spring precipitation
Summer precipitation

Winter potential
evapotranspiration (PET)

Spring potential evapotranspiration
Winter—spring potential
evapotranspiration

Summer potential
evapotranspiration

Winter evapotranspiration (ET)
Spring evapotranspiration
Winter—spring evapotranspiration
Summer evapotranspiration
Summer soil moisture

Spring Palmer Drought Severity
Index (PDSI)
PDSI drought area

Temporally and spatially averaged SWEI during spring months. SWEI
calculated based on Huning and AghaKouchak [45]

Total area considered to be in snow drought conditions (spring SWEI < —0.5)
Temporally and spatially averaged VPD during winter months

Temporally and spatially averaged VPD during spring months
Temporally and spatially averaged VPD during winter and spring months

Temporally and spatially averaged VPD during summer months
Temporally and spatially averaged temperature during winter months
Temporally and spatially averaged temperature during spring months
Temporally and spatially averaged temperature during winter and spring
months

Temporally and spatially averaged temperature during summer months
Temporally summed and spatially averaged precipitation during winter
months

Temporally summed and spatially averaged precipitation during spring
months

Temporally summed and spatially averaged precipitation during winter and
spring months

Temporally summed and spatially averaged precipitation during summer
months

Temporally and spatially averaged PET during winter months

Temporally and spatially averaged PET during spring months
Temporally and spatially averaged PET during winter and spring months

Temporally and spatially averaged PET during summer months

Temporally and spatially averaged ET during winter months

Temporally and spatially averaged ET during spring months

Temporally and spatially averaged ET during winter and spring months
Temporally and spatially averaged ET during summer months

Temporally and spatially averaged total column soil moisture during summer
months

Temporally and spatially averaged PDSI during spring months.

Total area considered to be in drought conditions (spring PDSI < —0.5)

Assimilation System) to quantify these conditions
[50, 51]. Snow drought is derived using the Hun-
ing and AghaKouchak [45] snow water equival-
ent index (SWEI) formulation throughout spring
months (March through May) of each year, where
SWE is taken from the observationally-based 4 km
daily University of Arizona Snow Water Equivalent
(UA-SWE) dataset [52, 53] which assimilates a suite
of snow measurements with modeled SWE (table
S4). All climate data are interpolated to the MODIS
500 m grid using the nearest neighbour approach
as a pre-processing step. We include both spatially
averaged SWEI and snow drought area as predict-
ors, where snow drought area is defined as the area
experiencing snow drought (SWEI < —0.5) [45] each
year. To enforce consistency in the comparison of
models using SWEI and those using PDSI, we also
consider spatially averaged PDSI and PDSI drought

area (areas where PDSI < —0.5) [54] during spring
months. Based on previous research [23], we con-
sider five other antecedent climate variables—vapor
pressure deficit (VPD), surface temperature, precip-
itation, PET, and ET—that are spatially aggregated
and temporally averaged across winter (November—
February), spring (March-May), or winter—spring
(November—May) to create three antecedent climate
predictors for each of these five variables. Hence, we
consider 17 potential antecedent climate predictors in
burned area statistical models. Precipitation, temper-
ature and VPD come from the observationally-based
4 km daily PRISM dataset [55]. Summer climate con-
ditions listed in table 1 are used in combination with
antecedent conditions in GAMs to explore the added
benefit of including fireseason climate conditions in
addition to pre-fire conditions in predicting sum-
mer burned area. Correlations between antecedent
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predictors and summer burned area are presented
in figure S5 and correlations between summer pre-
dictors and summer burned area are presented in
figure S6.

3. Results

3.1. Pre-fire climate conditions alone explain a
large portion of interannual variability and trend
in summer burned area

To quantify the interannual variability and trend
in summer burned area explained by winter and
spring climate conditions, we apply a 100-member
ensemble of GAMs to predict the extent of summer
(June—September) burned area using only pre-fire
winter (November—February) and spring (March—
May) climate conditions across the western U.S. over
a 37 year period (1984-2020) (see section 2.2 for
model details and training procedure). All results
shown in this section represent robust model eval-
uations where predictions are made outside of the
training record. Relationships between climate and
burned area presented herein should be interpreted
as a lower bound because optimal GAMs selected in
this analysis do not necessarily account for all relevant
combinations of climate conditions, and thus there
are likely model configurations that present stronger
climate-fire relationships (e.g. section 3.3).

The GAM ensemble mean captures 43% of the
interannual variability in observed summer burned
area using snow drought and pre-fireseason climate
conditions (figures 2(a) and (b)) and correctly pre-
dicts the sign of burned area anomalies for 26 of
37 years (70%). The ensemble mean has a low average
bias (5.9% of observed burned area) but large RMSE
(1 million acres or 65% of the mean observed burned
area). The 95% ensemble range (2.5-97.5 percentiles)
envelopes observed burned area for 21 of 37 years.
The ensemble mean is also significantly correlated
with the observed total burned area in the entire west-
ern US (r = 0.58, p < 0.001).

To test the forecasting ability of the GAM frame-
work, we also performed a retroactive forecast val-
idation to mimic the process of real-time opera-
tional forecasting that does not rely on future data
for model training. In this analysis, retroactive fore-
casts are made over the second half of the study
period (2002—-2020) one-year at a time while training
GAMs with data from preceding years. Retroactive
forecasts from GAMs using antecedent snow drought
and climate predictors shows skilful agreement with
observed burned area (r = 0.66, p < 0.01), with
the ensemble mean predicting the correct anomaly
sign 74% of years and the 95% ensemble range con-
taining observed values 63% of the years (figures
S7(a) and (b)). However, these forecasts have a
larger mean bias (—18%) and RMSE (1.2 million
acres) relative to the leave-one-year-out analysis. The
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extreme 2020 fire season was largely underestimated
by the GAM ensemble mean (see paragraph below for
detailed discussion).

Accounting for both antecedent (winter and
spring) and fire season climate conditions (table 1)
improves model performance (relative to GAMs
using only antecedent predictors), with the GAM
ensemble mean explaining 65% of the variability
in observed burned area and a mean bias reduc-
tion from 5.9% to 2.6% in the leave-one-year-out
cross validation (figure 2). GAM-predicted burned
area in the study domain is also highly correlated
with the observed burned area in the entire western
US (r = 0.74). Inclusion of summer conditions res-
ults in only a slight bias reduction for the extreme
2020 fire season which is underestimated by GAMs
(figure 2). Failure to capture the extreme 2020 burned
area extent is likely due to the rarity of the event which
is not reflected in the training data [20, 56]. Recent
research suggests the extreme 2020 fire season was
enabled by anomalously dry conditions [5]; however,
burned area underestimation from our climate-based
statistical models motivate future research to further
understand the respective contributions of large-scale
climate and factors such as local fire weather, fuel
availability and ignitions to this extreme fire year.
Overall, 39% of the remaining burned area variab-
ility that is not explained with antecedent climate
predictors can be explained by the unique informa-
tion from summer climate predictors. The rest (35%)
of the burned area variability this is not explained
by these antecedent and fireseason climate condi-
tions is likely caused by the combined effects of other
climate conditions that are not considered in these
models (e.g. meteorological drought, see section 3.3),
local fire-weather (e.g. wind speed) [57], fuel avail-
ability [58, 59], and ignition sources [60, 61]. Table
S2 provides a summary of GAM model setups and
table S3 summarizes the corresponding evaluation
metrics.

Trends in predicted and observed broad-scale
burned area from 1984 to 2019 are presented in
figure 2. Because the summer of 2020 had the unusu-
ally extreme burned area and appears at the end
of the considered record, including it in the trend
calculation results in a dramatic increase (17%) in
the observed trend and therefore is not included in
trends reflected in figure 2. However, in this para-
graph we report trends including and excluding the
2020 burned area. The GAM ensemble mean using
only antecedent predictors simulates an increasing
trend of 2.1%/year (from 1984 to 2019) compared
to the observed 3.6%/year trend, suggesting that a
large portion (58%) of burned area’s increasing trend
can be explained by pre-fire season climate alone
from 1984 to 2019. When including 2020 in this
calculation, the modelled trend is 1.9%/year and
the observed trend is 4.1% of the year, with GAMs
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Predicting summer burned area with antecedent climate conditions
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Figure 2. Comparing observed and predicted burned area from a leave-one-year-out cross validation. Predicted burned area
represents GAM simulated summer burned area based on climate conditions in leave-one-year-out analyses. (a), (b) Predicted
summer burned area is from models that include only antecedent (winter and spring) climate conditions. (c), (d) Predicted
summer burned area is from models that include both antecedent and summer climate conditions. Scatter plots in (a), (c)
represent observed (horizontal axis) and predicted (vertical axis) summer burned area, with dots colored by year. Time series
shown in (b) and (d) present observed and predicted summer burned area for years 1984-2020. Grey shading represents model
uncertainty based on the range of the bestperforming 100-member ensemble (2.5-97.5 percentiles). Black and red dashed lines
represent the increasing burned area trend from 1984 to 2019 from simulations and observations, respectively. Pearson’s
correlation coefficient (r), RMSE in millions of acres (MA) and percent bias between the ensemble mean and observed burned

area are shown on respective scatter plots.

explaining 46% of the observed trend from 1984 to
2020. When GAMs include summer climate condi-
tions as additional predictors, the simulated trend
for 1984-2019 and 1984-2020 increases to 2.7%/year.
Hence, the combined antecedent and summer cli-
mate explains 75% of the observed trend from
1984 to 2019 and 66% of the observed trend when
considering 1984-2020.

Relationships between antecedent climate and
summer burned area are strongest in middle-to-high
elevation and non-forested areas (figure 3). GAMs
using only antecedent climate conditions predict
an increasing burned area trend of 14%, 61% and
72% of the observed trend in low, middle and high
elevation regions, respectively (0-1100 m, 1100-
2200 m and 2200-3300 m, respectively). Antecedent
climate conditions alone explain 46% of summer
burned area interannual variability in middle elev-
ation areas (figures 3(c) and (d)). The low correl-
ation between predicted and observed burned area
in high elevation areas is largely attributable to the
underestimation in the 1988 fire season, which was
largely affected by the Yellow Stone National Park
fires (figures 3(e) and (f)). When this year is removed

from the correlation calculation, antecedent climate
explains 50% of the observed burned area interan-
nual variability in high elevation areas. In low elev-
ation areas antecedent climate only explains 6% of
the observed burned area variability (figures 3(a) and
(b)); however, when summer climate conditions are
included as additional predictors, GAMs explain 40%
of burned area variability. This indicates that wetter
regions (typical for these low elevation areas) have
weaker coupling between pre-summer climate and
summer fire activity; noting that lower elevation areas
that are more heavily forested (see section 2.2) receive
73% and 65% more mean winter—summer rainfall
than middle and high elevation areas in this domain,
respectively. This is consistent with previous research
that found fire season precipitation exerts substan-
tially stronger controls on fireseason burned area, rel-
ative to antecedent snow conditions, in western U.S.
forests [62]. GAMs using antecedent climate predict-
ors simulate an increasing burned area trend of 40%
and 83% of the observed trend in forested and non-
forested domains, while explaining 42% and 70% of
the interannual variability in summer burned area,
respectively (figures 3(g)—(j)).
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Figure 3. Comparing observed and predicted burned area from leave-one-year-out cross validations based on elevation and
vegetation classifications. Predicted burned area represents GAM simulated summer burned area based on antecedent climate
conditions in leave-one-year-out analyses. (a)—(f) Are the same predictions presented in figure 2 (a), (b), except predictions are
maintained separated by elevation bins rather than aggregated for the domain-wide total burned area. Burned area is presented in
millions of acres. (a), (b) Predicted and observed burned area for 500 m pixels between 0 and 1100 m. (c), (d) Predicted and
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(e), (f) Predicted and observed burned area for 500 m pixels

between 2200 and 3300 m. (g), (h) Predicted and observed burned area for 500 m pixels classified by MODIS as forested. (i), (j)
Predicted and observed burned area for 500 m pixels classified by MODIS as non-forested vegetation. Scatter plots represent
observed (horizontal axis) and predicted (vertical axis) summer burned area, with dots colored by year. Time series present
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area trend from 1984 to 2019 from simulations and observations, respectively. Pearson’s correlation coefficient (r) between the
ensemble mean and observed burned area are shown on respective scatter plots.

3.2. The importance of snow drought as a predictor
of summer fire burned area

Figure 4 presents the relative importance of all the
pre-fire climate predictors based on two measures.
First, we consider the number of model ensemble
members in which each predictor appears as a meas-
ure of importance. As such, we assume that predict-
ors with higher importance will appear more often
in the bestperforming 100 model ensemble mem-
bers. Secondly, we perform a leave-one-column-out
(LOCO) analysis [20]. The LOCO importance is
measured by repeatedly training statistical models,
each time without one particular predictor, and com-
puting the ratio of skill metrics (e.g. RMSE and r?)

for the re-trained model relative to the original model
including all of its original predictors.

Analyses show that snow drought area is an
important antecedent predictor of summer burned
area, as the third most frequently used predictor
for the bestperforming 100 ensemble members (57%
appearances; figure 4(a)). Only winter—spring VPD
and winter VPD appear more often than snow
drought area. All the other predictors appear in less
than half of the ensemble members (figure 4(a)).
This finding expands on previous work that showed
concurrent VPD is closely related with fire burned
area [4-6, 63] by highlighting the importance of
antecedent VPD as a predictor in a multivariate
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Figure 4. Predictor importance quantified by number of appearances in the 100 best performing model ensemble members and a
LOCO analysis. (a) Number of times that each predictor appears in the bestperforming 100 ensemble members. (b) LOCO
analysis presented in context of RMSE as the ratio of best-fit RMSE when respective predictors are excluded from model
construction relative to the best-fit RMSE using the original set of climate predictors. A ratio greater than unity indicates
performance is degraded by removing respective predictors. (c) LOCO analysis results presented in context of 12 as the ratio of
best-fit r2 when respective predictors are excluded from model construction relative to the best-fit r? using the original set of
climate predictors. A ratio less than unity indicates performance is degraded by removing respective predictors. Red and blue
dashed reference lines in (b), (¢) indicate the median and interquartile range for statistics corresponding to snow drought area,
respectively. Variability in boxplots is from the ensemble spread, and whisker lengths are equivalent to the interquartile range.
Outliers (extreme values) are plotted as red ‘+. Predictor descriptions are provided in table 1.

framework. For the LOCO RMSE and r? analyses,
snow drought area is considered valuable, with
increases in RMSE and decreases in 7> when the
snow drought area predictor is left out (figures 4(b)
and (c)). However, these LOCO analyses do not find
snow drought area to be significantly more important
than most other antecedent predictors. Overall, snow
drought area is a valuable predictor of summer fire
activity, yet other predictors can play a more valuable
role in some model subsets.

The importance of snow drought in statistical
models is consistent with previous research linking
fire activity in the western U.S. with spring snow-
melt timing [3, 46]. Spring snow drought is a valu-
able predictor due to the long memory of snowpack
[64] that is realized through summer fire hazard con-
ditions. For instance, SWEI is significantly (p < 0.05)
correlated with summer soil moisture or VPD over
71% of the study domain (figures 5(a) and (b)),
and hence the domain-averaged SWEI is significantly
correlated (r = 0.54, p < 0.01) with the domain-
averaged summer soil moisture and VPD. To further
understand the underlying physical mechanisms, we
employ the widely-used physically-based Noah with
multi-parameterization land surface model (LSM)
[65, 66] simulations to quantify responses of summer
fire-favourable conditions to perturbations of spring
snowpack via increasing or decreasing modeled April
Ist SWE by 30% (details on LSM simulations are
provided in the supplement text S1). The simulation

9

with decreased spring SWE shows a 32 day earlier
snow melt-out than the simulation with increased
spring SWE. In turn, throughout the duration of
the summer, the earlier snowmelt caused by the
decreased spring SWE drives lower soil moisture and
higher Bowen ratios (figures 5(c) and (d)), which
favour enhanced summer VPD [67, 68] and thus
increased fire activity [4-6, 22]. The simulations
presented here are offline LSM experiments driven by
observation-constrained atmospheric conditions to
mitigate the associated uncertainty from atmospheric
forcings, and hence do not include land surface feed-
back to the atmosphere, which are expected to further
strengthen the relationship between dry springs and
dry summers due to drier soils favouring less precip-
itation in summer months [69]. Therefore, the phys-
ical model experiments support the statistical rela-
tionships shown in figures 5(a) and (b) and reveal the
associated mechanisms as mentioned above.

3.3. Comparing snow drought predictive abilities
to the traditionally used Palmer Drought Severity
Index

A breadth of research has quantified relationships
between the traditionally-used PDSI [70] and fire in
the western U.S. [9-11] which has been leveraged to
create burned area forecasting frameworks [25, 71].
However, the PDSI does not explicitly consider
snowpack processes, which is particularly important
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Figure 5. Spring snow drought memory is realized through summer fire hazard conditions. (a) Correlations between spring snow
drought (SWEI) and summer soil moisture. (b) Correlations between spring snow drought (SWEI) and summer VPD. Data
presented in (a), (b) are from sources listed in table S4. (c) Differences in time series of summer soil moisture from physical land
surface model simulations that imposed a 30% decrease (red line) or increase (blue line) in 1 April SWE relative to a baseline
simulation. The black dashed line at 0 is shown as reference marking no departure from the baseline simulation. (d) Same as (c)
but for the Bowen ratio (B.R; ratio of sensible heat to latent heat flux). (c), (d) Present spatially averaged departures of soil
moisture and Bowen ratios from the baseline simulation, where negative (positive) values indicate decreases (increases) relative to
the baseline simulation. See supplementary information text S1 for details of model simulations.

over the western U.S. In future climate-based burned
area predictions, it is important to resolve if snow
drought is a better predictor for fire activity than PDSI
over regions affected by snow processes.

To answer this question, we re-train GAMs, as
described above, but replace SWEI-related variables
(spatially averaged SWEI and SWEI drought area dur-
ing spring months) with the PDSI equivalent (spa-
tially averaged PDSI and PDSI drought area during
spring months; see section 2.4, tables 1 and S4). The
best 100-member PDSI model ensemble is re-selected
rather than using the same best-fit predictors from
SWEI models. The ensemble mean for GAMs using
spring PDSI with other antecedent predictors has rel-
atively better performance in the leave-one-year-out
cross validation than the SWEI ensemble: r = 0.73
for PDSI versus r = 0.65 for SWEI models, with PDSI
models also having a slightly lower RMSE and mean
bias (figure S8 and table S3). We also found that the

PDSI ensemble using antecedent climate and sum-
mer predictors explains 69% of the summer burned
area interannual variability and 83% of the observed
trend in a leave-one-year-out cross validation, which
is higher than the counterpart SWEI ensemble which
explains 65% of the interannual variability and 75%
of the increasing trend. In the retroactive validation,
ensembles using PDSI instead of SWEI better cap-
ture the interannual variability of observed burned
area (r = 0.75); however, the PDSI ensemble simu-
lates a larger mean bias by 4% (figure S7). However,
when considering the spatial domain more domin-
ated by snowfall (with a higher peak SWE threshold
of 150 mm instead of 100 mm: reducing the ori-
ginal study area by 27%), GAMs using SWEI and
antecedent climate outperform the counterpart PDSI
ensemble in the leave-one-year-out cross validations
(figures S1 and S8; table S3). These results support the
legacy of using PDSI to predict burned area over the
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broader western U.S.; however, SWEI is a more valu-
able predictor than PDSI for forecasting burned area
over more snow-reliant western U.S. areas (e.g. peak
SWE > 150 mm).

4. Discussion

We further present a simple linear correlation ana-
lysis to show relationships between the climate pre-
dictors considered in this study (table 1) and summer
burned area in figures S5 and S6. Consistent with pre-
vious literature [4—6], summer VPD has the strongest
linear relationship (r = 0.76) with summer burned
area compared to other climate conditions considered
in this study. Interestingly, four (VPD, PET, ET and
temperature) out of the five winter climate conditions
have higher correlations than their spring counter-
parts; whereas spring precipitation shows a stronger
relationship with summer burned area relative to
winter precipitation. The three antecedent climate
conditions that have the highest linear correlation
with summer burned area are: winter—spring aver-
age VPD (r = 0.59), winter VPD (r = 0.58) and
PDSI drought area (r = 0.56). Spatially averaged snow
drought and snow drought area have significant lin-
ear correlations (p < 0.05) with summer burned area,
which however are not anomalously high (r = —0.32
and 0.37, respectively), suggesting a complex and
nonlinear relationship between snow drought and
summer fire as discussed in section 3.2. Summer cli-
mate conditions have higher correlations than their
antecedent counterparts, as expected. This is particu-
larly true for precipitation which has a strong negative
correlation with burned area when considering sum-
mer accumulation (r = —0.62; p < 0.01) but insigni-
ficant (p > 0.1) relationships when considering ante-
cedent precipitation summed over winter, spring or
winter through spring.

The sign of all linear correlations between
various climate conditions and burned area are
consistent with the assumption that warmer and
drier conditions come with more burned area, which
is supported by previous research [5, 10, 11]. The
physical explanation for this is that fire spread is a
series of ignitions where heat source(s) raise a fuel to
ignition temperature. When fuels are moist, evapora-
tion consumes a large sum of energy, reducing flam-
mability and thus the rate of fire spread [72]. Hence,
over the previous four decades, climate-driven fuel
flammability has been the primary factor in gov-
erning interannual variability in burned area. How-
ever, this result is limited by the context in which
fire-climate relationships are established: typically,
large areas (e.g. regional-to-continental scale) over
time periods of a few decades. At either relatively
small spatial scales (e.g. county or state levels) or over
long time periods (e.g. paleorecords that are 100s of
years), fire-climate relationships may be violated. For
instance, at local-to-regional spatial scales, variability
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in burned area can be dominated by combinations
of factors other than climate such as: natural and
anthropogenically-caused changes in fuel availabil-
ity [26, 58, 59], local wind patterns [57], and natural
and anthropogenic ignition sources [60, 61]. Further-
more, these fire-climate relationships may be violated
when considering paleorecords. For example, from 1
to 1750 AD global cooling was found to drive a long-
term decreasing trend in fire activity, whereas the
decreasing trend in fire activity from 1750 into the
late 20th century has been attributed to population-
driven land-cover changes which overwhelmed the
affects of climate warming during this period [12].

Thus, statistical relationships between climate
and fire activity presented herein are limited to the
context in which relationships are established, and
interpretations of these relationships over longer time
periods or smaller areas require careful considera-
tion of land-use and land-cover changes [24, 73] or
local weather conditions [74]. Hence, future long-
term projections (e.g. over the next century) based on
climate-fire statistical relationships presented in this
study should be interpreted as changes in climate’s
contribution to fire hazard rather than predictions of
total burned area because other factors (e.g. reduction
of burnable vegetation) may counter affects of climate
warming on fire activity.

5. Conclusion

Variations in winter and spring climate conditions
alone can explain a large portion of the interan-
nual variability of summer burned area over the
recent 37 years across the western U.S. These rela-
tionships between burned area and pre-fire climate
and snow drought variability reveals that the majority
of climate-fire relationships can be explained through
climatic preconditioning. Specifically, antecedent cli-
mate conditions are able to predict and explain up
to 53% of burned area interannual variability, and
combining antecedent and fireseason climate condi-
tions increases that predictability to 69%. PDSI was
found to be a better predictor for burned area than
SWEI over a broader western U.S. domain; however,
over amore snow-reliant area, statistical models using
SWEI rather than PDSI simulate burned area more
accurately. Spring snow drought area is an import-
ant predictor for summer burned area, because spring
snowpack memory is realized through drier land
and atmospheric conditions that are more conducive
to summer wildfire spread. Our statistical modeling
approach enables the creation of a novel subseasonal-
to-seasonal fire forecasting framework, benefiting
future fire risk management and warning systems.
Strong coupling between broad-scale climate and
fire in the western U.S., as presented in this study,
has been interpreted by some studies to suggest that
restoration and fuel treatment are likely an ineffect-
ive approach towards reversing current increasing
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wildfire trends [2]. However, human actions may be
capable of weakening climate-fire coupling [26] as
well as climate trends conducive to fire [6, 22], and
thus may provide mitigation to projected increases in
fire risk in the western U.S. Validation of land man-
agement strategies aimed towards reducing fire risk
can leverage the methodology presented in this study
to understand if employed strategies reduce coupling
between climate and fire, particularly during hot and
dry years.
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