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Abstract Wildfires are projected to increase with warming in the western United States. Since vapor
pressure deficit (VPD) is highly correlated with wildfire burned area historically, many studies have argued that
large projected increases in VPD with warming imply large increases in burned area. Here, we argue that those
projections are overestimated by as much as an order-of-magnitude. First, we show that both soil moisture and
VPD are well correlated with historical burned forest area. Second, we demonstrate that projected changes in
VPD with warming are much larger than those in soil moisture, leading to wildly divergent projections of
burned forest area: with 3 K (4 K) of warming relative to pre-industrial, the VPD-based projection is about 16
(66) times the historical burned area, whereas the soil moisture-based projection is only 2 (3) times the historical
burned area. A similar divergence arises in more complex models that include VPD as only one of many
explanatory variables. Third, we argue that the VPD-based projections are incorrect. VPD is used as a measure
of atmospheric evaporative demand, but recent advances have demonstrated that VPD and related quantities are
actually poor measures of atmospheric evaporative demand and overstate projected drying with warming. We
conclude that the rate at which wildfire burned forest area will increase with warming has been greatly
overestimated by some studies.

Plain Language Summary Wildfires burn hotter and spread farther when fuel is drier. Many studies
have argued that climate change will make fuel much drier in the western U.S., but these studies used the vapor
pressure deficit—a measure of atmospheric dryness—as an indirect measure of fuel dryness. Recent advances in
terrestrial hydrology show that this is a poor approximation. Instead, we use soil moisture, a measure of land
surface dryness that is more relevant to wildfire fuel, to show that wildfire burned forest area increases much less
than expected with warming.

1. Introduction

Wildfires in the western United States have increased in size and intensity in recent decades (Abatzoglou &
Williams, 2016; Dennison et al., 2014; Holden et al., 2018; Juang et al., 2022; Westerling, 2016; Williams
et al., 2019), resulting in significant impacts on human health through smoke exposure (Aguilera et al., 2021;
Connolly et al., 2024; Liu et al., 2017) and billions of dollars in economic damage (Bayham et al., 2022). How will
wildfires change as the planet warms? Climate models do not typically simulate wildfires, so projections are often
attained by statistically relating one or more simulated variables with wildfire burned area over the historical
record, and then combining the statistical relation with projections of the simulated variables (Abatzoglou
et al.,, 2021; Brey et al., 2021; Flannigan et al., 2005; Littell et al., 2018; Price & Rind, 1994; Spracklen
etal., 2009; Turco et al., 2023; Westerling, Bryant, et al., 2011; Westerling, Turner, et al., 2011; Yue et al., 2013).
In the western United States, choices for simulated explanatory variables include combinations of air temperature
(Littell et al., 2009), precipitation (Holden et al., 2018), drought indices (Brown et al., 2021; Littell et al., 2009),
potential evaporation (Abatzoglou & Kolden, 2013), and the difference between potential and actual evaporation
(Littell & Gwozdz, 2011), among others.

A growing literature uses the vapor pressure deficit (VPD, the difference between the saturation vapor pressure
and the actual vapor pressure) as a key explanatory variable in understanding wildfire burned area in the western
United States (Clarke et al., 2022; Dahl et al., 2023; He et al., 2025; Higuera & Abatzoglou, 2021; Juang
et al., 2022; Mueller et al., 2020; Parks & Abatzoglou, 2020; Seager et al., 2015; Williams et al., 2013, 2014,
2019; Zhuang et al., 2021). VPD is highly correlated with historical wildfire burned area in the western United
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States (Abolafia-Rosenzweig et al., 2022; Mueller et al., 2020; Williams et al., 2014, 2019). The proposed reason
for this strong correlation is that VPD is a measure of atmospheric evaporative demand, with higher VPD causing
drier vegetation that burns more readily (Anderson, 1936; Pechony & Shindell, 2009; Ray et al., 2005; Seager
et al., 2015; Sedano & Randerson, 2014; Silvestrini et al., 2011). Since VPD rises rapidly with warming, pro-
jections that rely at least in part on VPD (which we refer to as “VPD-based projections”) typically project large
increases in wildfire burned area given sufficient warming (Abatzoglou et al., 2021; Brey et al., 2021).

However, it is not obvious why VPD, a measure of atmospheric dryness, is a more appropriate proxy for fuel
dryness than alternatives, particularly climate model-simulated measures of land surface dryness, such as soil
moisture. While soil moisture differs from fuel moisture in various respects, most climate models do not directly
simulate fuel moisture, and soil moisture seems a closer analog to fuel moisture than VPD. Since dead fuel sits on
the land surface, its moisture content is determined by a water balance that is similar to the water balance
determining soil moisture. Indeed, prior work has shown that soil moisture and fuel moisture are well correlated
(Lu & Wei, 2021; Pellizzaro et al., 2007; Qi et al., 2012; Sharma et al., 2020), and that soil moisture, in turn, is
well correlated with wildfire burned area in the western United States (Brey et al., 2021). Thonicke et al. (2001)
directly simulate fuel moisture as soil moisture in the Lund-Potsdam-Jena (LPJ) Dynamic Global Vegetation
Model. As a result, soil moisture is a strong predictor of various aspects of wildfires, including fire size (Holden
et al., 2025; Krueger et al., 2023).

As it turns out, projections of wildfire burned area are particularly sensitive to the choice to include VPD. Brey
et al. (2021) constructed a multivariate statistical model for burned area in several parts of the western U.S. that
included wind speed, precipitation, soil moisture, relative humidity (RH) and VPD as explanatory variables.
While eliminating VPD as an explanatory variable did not substantially reduce the model's correlation with
historical burned area, it reduced the projected end-of-century burned area. In one region (the Rocky Mountains),
it reduced the projected burned area by about an order-of-magnitude.

However, the implications of this sensitivity remain unclear: are the more severe VPD-based projections correct
or not? In this study, we argue that they are not. First, we show that, in the western United States, historical burned
forest area (Figure 1a) is highly correlated with both VPD (Figure 1b) and soil moisture (Figure 1c). Second, using
outputs from the Coupled Model Intercomparison Project Phase 6 (CMIP6) (Eyring et al., 2016; Juckes
et al., 2020; Copernicus Climate Change Service (C3S), 2021) spanning 12 climate models and four socioeco-
nomic pathways (Table S1 in Supporting Information S1), we show that VPD-based projections of burned area
are as much as an order-of-magnitude larger than soil moisture-based projections, consistent with Brey
et al. (2021). These projections are derived from observed linear relations between the logarithm of historical
burned area and either VPD or soil moisture. We also obtain qualitatively similar results using more complex
multivariate statistical models incorporating other variables. Third, we examine this divergence by reviewing
recent advances in our understanding of atmospheric evaporative demand and its changes in a warming world, all
of which suggest the VPD-based projections are large overestimates. In particular, we argue that projections that
include VPD as an explanatory variable (including those based on many common wildfire indices) should be
expected to severely overestimate future burned area, given sufficient warming.

2. Methods
2.1. Study Region

We focused on forested regions in the continental United States west of 100°W (Figure 1a), where fire activity is
generally limited by flammability rather than fuel availability (Abatzoglou et al., 2018; Krawchuk & Mor-
itz, 2011). Focusing on forested regions is also consistent with the most relevant prior studies (Abatzoglou &
Williams, 2016; Holden et al., 2018; Juang et al., 2022; Parks & Abatzoglou, 2020). Fractional forest cover at 1-
km resolution is obtained from Juang et al. (2022), derived from 250-m forest type maps based on the U.S. Forest
Service Forest Inventory and Analysis (FIA) program (Ruefenacht et al., 2008).

In addition to analyzing burned area averaged across all forests in the entire western United States, we also
examined subregions defined by ecoregions. The five aggregated ecoregions (Figure S1 in Supporting Infor-
mation S1) were derived from the EPA Level II Ecoregion data set (U.S. Environmental Protection
Agency, 2024). The five ecoregions are (a) Northwestern Forested Mountains, (b) Mediterranean California, (c)
Cold Deserts, (d) Southwestern Forested Mountains, and (e) Central Prairies. Forest cover is proportionally
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Figure 1. (a) Total burned forest area averaged over the 6-month fire season (May—October) for 1984-2014 from the Western U.S. MTBS-Interagency wildfire database
(Juang et al., 2022). (b) Vapor pressure deficit from ERAS for the same period. (¢c) Volumetric water content in the soil from ERAS for the same period.

greater in ecoregions 1 and 4 than in ecoregions 2, 3, and 5 (Feng et al., 2025). Over the period 1984-2014, burned
forest area in ecoregions 1-5 accounted for 73.2%, 4.6%, 7.9%, 12.7%, and 1.9% of the total burned forest area in
the western United States, respectively (Table S2 in Supporting Information S1).

2.2. Wildfire Database

We used the Western U.S. MTBS-Interagency (WUMI) wildfire data set developed by Juang et al. (2022), which
includes 18,368 wildfire events over 1 km? across the western United States from 1984 to 2020. The WUMI data
set (Juang & Williams, 2024) includes the following wildfires: large wildfires (>1,000 acres ~ 4 km?) from the
Monitoring Trends in Burn Severity program (Eidenshink et al., 2007) and wildfires >1 km? from the National
Wildfire Coordinating Group and the California Department of Forestry and Fire Protection. The forest area
burned for each fire was estimated by multiplying the total burned area by the corresponding fractional forest
cover. The analyzed fire events were restricted to fires that ignited during the 6-month fire season (May—October),
when fires in the western U.S. generally occur (Juang et al., 2022; Spracklen et al., 2009). The logarithm of the
total burned forest area from May to October serves as the predictand in the linear model.

2.3. Reanalyses

To statistically relate burned area to soil moisture and VPD, we used outputs from three different reanalyses. First,
we used outputs from the fifth generation ECMWEF reanalysis (ERAS; Copernicus Climate Change Service
(C3S), 2023; Hersbach et al., 2020, 2023). ERAS is a global atmospheric reanalysis in which the land surface
evolves within a coupled forecast model and is further constrained by a land data assimilation system that adjusts
soil moisture and other surface variables using screen-level and satellite observations. The horizontal spatial scale
of the reanalysis is approximately 31 km (Hersbach et al., 2020). Monthly mean 2-m air temperature and dewpoint
temperature were used to compute monthly mean saturation vapor pressure (e, estimated using the Magnus
approximation (Alduchov & Eskridge, 1996)) and actual vapor pressure (e, ), which were further used to compute
VPD (Figure 1b). We also used topsoil volumetric soil water content (VWC) averaged over the upper 0—7 cm of
soil (swvll, Figure 1c). Volumetric soil water content in ERAS is simulated within the Integrated Forecast System
using the Carbon Hydrology-Tiled ECMWEF Scheme for Surface Exchanges over Land land surface model
(CHTESSEL; Balsamo et al., 2009).

Second, we used outputs from the ERA5-Land reanalysis (Mufioz-Sabater et al., 2021). This product is derived by
running the CHTESSEL land surface model offline (the same model used within ERAS, but here decoupled from
the atmosphere) and forced by downscaled ERAS near-surface meteorology, downwelling radiation, and pre-
cipitation. The model is run at a higher spatial resolution (~9 km) than ERAS (~31 km). While observations are
assimilated in ERAS, they are not directly assimilated in ERA5-Land. Observations only influence the land
surface in ERA5-Land indirectly, through the ERAS atmospheric forcings. As for ERAS, we used monthly mean
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2-m air temperature (t2m) and dewpoint temperature (d2m) to compute VPD, and topsoil volumetric soil water
content averaged over the upper 0-7 cm of soil (swvll).

Third, we used outputs from the Modern-Era Retrospective analysis for Research and Applications, version 2
(MERRA-2) reanalysis (Gelaro et al., 2017). Like ERAS, MERRA-2 is a global atmospheric reanalyis in which
the land surface evolves within a coupled forecast model. The horizontal spatial scale is ~50 km, and thus coarser
than ERAS or ERAS-Land. Unlike ERAS, it does not include a land data assimilation system that adjusts soil
moisture (and other surface variables) using screen-level observations. Instead, the land surface is forced with
observation-corrected precipitation (Reichle et al., 2017), rather than model-generated precipitation, as in ERAS
and ERA5-Land. We used monthly mean 2-m air temperature (T2M) and dewpoint temperature (T2ZMDEW) to
compute VPD, and topsoil volumetric soil water content averaged over the upper 0-5 cm of soil (SFMC).
Volumetric soil water content in MERRA-2 is simulated using the Catchment land surface model (Koster
et al., 2000).

For all three reanalyses, data averaged over the 6-month fire season (May—October) for each year during
1984-2014 were used as historical observations for model calibration. We were restricted to this time period
because the CMIP6 historical period ends in 2014 (discussed further below), although results are qualitatively
similar if the time period is extended closer to the present (not shown). Forest-area-weighted averages over the
study region were used, as in Juang et al. (2022).

Why not use satellite and/or station observations of VPD and soil moisture instead of reanalyses? High-quality
collocated observations of soil moisture and VPD spanning this period do not exist. In addition, observations of
soil moisture are subject to much larger errors than observations of VPD, which can lead to the appearance that
VPD is the more important control on burned area, even when it is not. We discuss this issue in more detail in
Section 3.1. While reanalysis soil moisture is also likely subject to greater errors than reanalysis VPD, the
problem is partially mitigated by the reanalysis attempting to reconcile observations with a model that couples soil
moisture and VPD. Soil moisture has been ground-truthed, to varying extents, in ERAS (Dorigo et al., 2021;
Muioz-Sabater et al., 2021), MERRA-2 (Reichle et al., 2017) and ERA5-Land (Muiioz-Sabater et al., 2021).

2.4. Climate Model Projections

To project burned forest area, we used climate model projections from CMIP6 experiments (Copernicus Climate
Change Service (C3S), 2021; Eyring et al., 2016; Juckes et al., 2020). Monthly mean 2-m air temperature was
used to compute monthly mean saturation vapor pressure, which was then combined with near-surface specific
humidity to compute RH and VPD. The mass of water in the top 10-cm surface soil layer was used to compute
volumetric water content (VWC). We used CMIP6 outputs from the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5
experiments and from 12 climate models averaged over the six-month fire season (May—October) for each year
(Table S1 in Supporting Information S1). The 12 models (listed in Table S1 in Supporting Information S1) were
selected because they provided the complete set of variables required for our projections. These scenarios span a
broad range of future socioeconomic pathways and radiative forcing trajectories, from strong mitigation
(SSP1-2.6) to high-emissions futures (SSP5-8.5) (O’Neill et al., 2016). Projections spanned the period
2015-2099. To eliminate dependence on a specific climate projection, the global mean warming, defined as the
difference between global mean temperature for each year and the global mean temperature over 1850-1900
(NOAA National Centers for Environmental Information, 2025), was used to characterize the strength of
warming instead of calendar year (Matthews et al., 2017).

2.5. Statistical Projections of Burned Area

To estimate future changes in burned forest area, we developed empirical relations between historical burned area
and anomalies of VPD and VWC. More specifically, we performed linear regressions between the logarithm of
total burned forest area in the western United States and reanalysis VPD (or VWC) anomalies, calculated relative
to the long-term VPD (or VWC) average over the period 1984-2014. Prior studies have shown that the logarithm
of burned forest area is well correlated with VPD in the western United States (Abatzoglou & Williams, 2016;
Abatzoglou et al., 2018; Juang et al., 2022; Williams et al., 2019). Following Juang et al. (2022), the forest-area-
weighted average of the VPD or VWC anomaly was used. The linear regression model was fit to the period
1984-2014 to align with the CMIP6 historical period, which ends in 2014. These linear regressions were then
applied to VPD and VWC projections from CMIP6 data sets to estimate future burned forest area. For each

CHENG ET AL.

4 of 16

85U8017 SUOWIWIOD BA 81D 3Rl (dde ay) Aq pausenob afe ssjoie O ‘8sN Jo So|nJ Joj Aeiq18UlJUQ /8|1 UO (SUOTIPUOD-PUe-SLLBIAL0D A 1M AeJq Ul U0//:SANY) SUORIPUOD pUe SWe | 8L 89S *[9202/S0/ST] Lo Aid1auljuo A8|IM ‘0SEZ00AVIZ0Z/620T 0T/10p/Wod A 1M Arelq i puluo'sgndnBe//:sdny wo.y pepeojumod ‘2 ‘9202 ‘Xv099.52



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

AGU Advances 10.1029/2026 AV002350

regression, we estimated 95% confidence intervals on the estimated Pearson correlation coefficients using
bootstrapping with 10,000 replicates. We did this because it is common in prior wildfire studies to use the
correlation coefficient as a measure of model performance. However, this approach does not penalize overfitting,
which can cause high within-sample correlation but poor out-of-sample prediction. To address this issue, we also
estimated the Akaike Information Criterion (AIC; Akaike, 1998) for each model, with a bias-correction for small
sample size (Hurvich & Tsai, 1989)

2k(k + 1)

n—k—1’ M

AIC, = =2 log(L(0)) + 2k +
_—

AIC

where 7 is the sample size, k is the number of parameters (in an ordinary least squares regression with one in-
dependent variable, k = 3, which includes the slope, offset and error variance) and E(é) is the likelihood function

given estimated parameters 6. The AIC, was estimated for each statistical model. The AIC, accounts for over-
fitting by penalizing models with more parameters. While the absolute values are meaningless, relatively lower
values indicate a relatively better model. However, this ranking is impacted by sampling uncertainty, which is not
accounted for by the Hurvich and Tsai (1989) bias-correction, and is especially relevant here due to the relatively
low sample size in our analysis. To account for sampling uncertainty in model selection, we used bootstrapping
with 10,000 replicates to repeat the process by sampling with replacement from the observations, and report the
fraction of replicates in which each model was selected as the best model (Burnham et al., 2010, Section 4.5.2).

We used soil moisture anomalies rather than absolute soil moisture in our regression because absolute soil
moisture levels vary substantially between CMIP6 models, whereas anomalies exhibit greater consistency and
comparability across models (Koster et al., 2009). For soil moisture from each CMIP6 model under each emission
scenario, the anomaly was defined as the difference between the western U.S. fire-season average in a given year
and the long-term regional fire-season mean over the historical period (1984-2014). For consistency, we used
VPD anomalies instead of absolute values of VPD. In presenting results in Figure 3, future projections of VPD
anomaly, soil moisture anomaly, and burned forest area were averaged within global mean warming bins of 0.5 K
for all emission scenarios, to smooth out interannual variability.

We also tested our approach using more complex models. To that end, we constructed burned forest area pro-
jections using multivariate regressions calibrated over the same historical period. The regressions included
combinations of the following explanatory variables derived from the ERAS reanalysis: air temperature, pre-
cipitation, RH, wind speed, VPD, runoff, and soil moisture. This set of seven variables matched those used in Qiu
et al. (2025), which focused on smoke exposure from wildfires, and is consistent with the variables used in prior
multivariate approaches. For consistency with our univariate regressions, we used anomalies rather than absolute
values for each variable. We then conducted four sets of multivariate regressions to isolate the effect of VPD and
air temperature. First, we included all seven variables as predictors. Second, we excluded temperature and used
the remaining six variables. Third, we excluded VPD and used the remaining six variables. Fourth, we excluded
both temperature and VPD and used the remaining five variables.

3. Results and Discussion
3.1. Soil Moisture and VPD Are Both Correlated With Historical Burned Area

VPD anomalies were strongly positively correlated with log-transformed burned forest area, for all three rean-
alyses (Figures 2a, 2c, and 2e). The reported R? value is the squared Pearson correlation coefficient and corre-
sponds to the fraction of variance explained by the linear regression. VPD from ERAS5 and ERAS5-Land both
explained approximately 75% of the variance in burned forest area; VPD from MERRA-2 explained a little less
(approximately 60%). This is consistent with previous studies (Abatzoglou & Williams, 2016; Parks & Abat-
zoglou, 2020), which found that VPD-burned area R? values were as strong as, or stronger than, other climate
variables, including temperature, precipitation, and various aridity indices. The R? value between log-transformed
burned forest area and VPD anomalies varied between ecoregions (Tables S2—S4 in Supporting Information S1).
For all three reanalyses, in ecoregions 1 and 4, the R? values were comparable to those for the entire western U.S.,
whereas R? values in ecoregions 2, 3, and 5 were notably lower. This pattern was consistent with the higher
proportion of forest cover in ecoregions 1 and 4 relative to ecoregions 2, 3, and 5. Somewhat similar variability in
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Figure 2. Both soil moisture and vapor pressure deficit (VPD) are well correlated with burned area in forested regions of the
western U.S. over the historical record, even though soil moisture observations are much less accurate than VPD
observations. (a) Scatter plot of annual burned forest area in the 6-month fire season (May—October) versus the VPD anomaly
computed from ERAS over the period 1984-2014. The forest-area-weighted average VPD is used to represent VPD over the
study region. The VPD anomaly (AVPD) is defined as the difference between the fire-season average in each year and the
long-term (1984-2014) fire-season mean over the same period. The R? value and the 95% confidence intervals for the R?
estimate are also shown. Panel (b) same as (a) but using soil moisture (volumetric water content) instead of VPD. Panels (c, d)
same as (a, b) but using MERRA-2 reanalysis data. Panels (e, f) same as (a, b) but using ERAS5-Land reanalysis data.

R? values across ecoregions was reported in a previous study (Yue et al., 2013), although different regression
input variables were used. The lower R? values in ecoregion 2 may be due to the region's relatively dense
population resulting in a greater proportion of human-caused fires (Feng et al., 2025).

Soil moisture anomalies were also strongly (negatively) correlated with log-transformed burned forest area, for all
three reanalyses (Figures 2b, 2d, and 2f). Soil moisture anomalies explained similar fractions of the variance in
burned forest area, with MERRA-2 again explaining a little less than ERA5 and ERAS-Land. The R? values
between soil moisture anomalies and burned area varied among ecoregions, but in a manner similar to those
between VPD and burned area (Tables S2-S4).

An important distinction between soil moisture and VPD was not accounted for in these statistical comparisons:
observations of soil moisture are subject to much larger errors than observations of VPD. First, VPD is mainly
measured in situ at weather stations, whereas soil moisture is mainly observed remotely by satellites from space,
and this is reflected in the reanalyses. Microwave satellite observations of soil moisture are least accurate in
forests (Entekhabi et al., 2010; Jackson & Schmugge, 1991), which makes them less informative in studying
forest fires. To the extent that point-scale soil moisture measurements are available, they are far less common than
point-scale measurements of VPD. Second, even if point-scale in situ measurements of soil moisture were as
common as those for VPD, they contain large “representativeness errors” that dwarf those for VPD. The
representativeness error is the difference between a point-scale measurement of a quantity (or an average of
several point-scale measurements) and the larger-scale average of the quantity (Gruber et al., 2016). VPD exhibits

CHENG ET AL.

6 of 16

85U8017 SUOWIWIOD BA 81D 3Rl (dde ay) Aq pausenob afe ssjoie O ‘8sN Jo So|nJ Joj Aeiq18UlJUQ /8|1 UO (SUOTIPUOD-PUe-SLLBIAL0D A 1M AeJq Ul U0//:SANY) SUORIPUOD pUe SWe | 8L 89S *[9202/S0/ST] Lo Aid1auljuo A8|IM ‘0SEZ00AVIZ0Z/620T 0T/10p/Wod A 1M Arelq i puluo'sgndnBe//:sdny wo.y pepeojumod ‘2 ‘9202 ‘Xv099.52



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

AGU Advances 10.1029/2026 AV002350

(a) Projected changes in (b) Projected changes in
VPD and VWC burned forest area

T

%10°

-
o
]

200 ¢

o
e
o
N}

AVPD [Pa]
)
™

200 ——u

1-0.02

o
AVWC [m® m3)

1

—VPD-based projection |
—VWC-based projection
2 3 4 2 3 4
Projected change in global Projected change in global
mean temperature (K) mean temperature (K)

-400 |

Burned forest area [km2]

-
o
w

-600 | 1-0.04

Figure 3. Vapor pressure deficit (VPD)-based projections of burned area are much larger than soil moisture-based
projections. (a) VPD anomaly (AVPD) and soil moisture anomaly (AVWC) from CMIP6 projections over 2015-2099
plotted against the global mean warming since pre-industrial (1850-1900). For each socioeconomic pathway (SSP1-2.6, SSP2-
4.5, SSP3-7.0, and SSP5-8.5), we calculate the multi-model mean change in VPD and volumetric water content (VWC) and
their inter-model standard deviations across the CMIP6 ensemble. We then combine the results from all pathways and compute
bin-averaged values within 0.5 K intervals of global-mean temperature change. The shaded region indicates the multi-model
mean =+ one standard deviation. (b) VPD-based and VWC-based projections of burned forest area. The inset in the upper left
reproduces the main panel but with a linear y-axis in place of the logarithmic scale.

much less spatial variability than soil moisture, because it is a property of the well-mixed, fluid atmosphere,
whereas soil moisture is a property of the heterogeneous, solid land surface (Vargas Zeppetello et al., 2023) and
varies significantly on spatial scales as small as a few centimeters (Famiglietti et al., 2008; Feldman et al., 2023;
Western et al., 2002). Thus, even if soil moisture and VPD actually both contributed equally to causing wildfires,
we would expect that observed soil moisture should correlate less well with burned area than observed VPD,
simply because the soil moisture observations are less accurate. This could even be true if VPD does not impact
wildfires at all, so long as large-scale variability in soil moisture causes large-scale variability in both VPD and
burned area (discussed further in Section 3.3).

For these reasons, it would be unjustified to claim that VPD is more important than soil moisture in understanding
and projecting burned area based solely on a stronger R? value with burned area, or a lower AIC,.. With this caveat
in mind, for completeness, model selection rates based on the AIC, are shown in Tables S5-S7 in Supporting
Information S1. The soil moisture-based burned area model was selected as better in 56% of bootstrap replicates
in ERAS, 1% of replicates in MERRA-2, and in 17% of replicates in ERAS5-Land. The model selection rates
further varied between ecoregions. Given that major differences in observation errors between soil moisture and
VPD were not accounted for in these statistics, it is not possible to conclude that one model is better than the other
solely from these statistical analyses. It is clear, however, that both soil moisture and VPD correlate well with
burned area over the historical record. Since this basic finding is robustly reproduced in all three reanalyses, we
focus solely on the ERAS reanalysis for the remainder of the study, unless stated otherwise.

Adding more explanatory variables did not improve on the univariate soil moisture or VPD models when
overfitting was appropriately penalized. When comparing both univariate and multivariate models, no model was
consistently selected as best across bootstrap replicates, based on the AIC,. (Table S8 in Supporting Informa-
tion S1). The most complicated multivariate model was only selected as best in 3.5% of replicates, indicating that
the additional complexity was not warranted. Qualitatively similar results were found if air temperature was
excluded, VPD was excluded, or if both were excluded. In fact, out of all univariate and multivariate models, the
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univariate soil moisture model was most frequently selected as best (49% of bootstrap replicates) based on the
AIC, (Table S8 in Supporting Information S1). We did not consider alternative multivariate models that select a
subset of explanatory variables, such as the least absolute shrinkage and selection operator (LASSO; Tibshir-
ani, 1996), sometimes used in prior studies (e.g., Brey et al., 2021; Qiu et al., 2025). If soil moisture observations
are subject to sufficiently greater measurement errors than VPD and other variables, and soil moisture causes
variability in both VPD and burned area, then the LASSO may incorrectly select VPD over soil moisture
(Sgrensen et al., 2015).

Overall, these results imply that there is at least as much reason, based on historical correlations, to construct
statistical projections of future burned area using soil moisture as the explanatory variable, as there is using VPD
as the explanatory variable. These univariate models are at least as justified as more complicated multivariate
models when overfitting is penalized, as it should be.

3.2. VPD-Based Projections of Burned Area Are Much Larger Than Soil Moisture-Based Projections

Since VPD rises rapidly with warming (Figure 3a), VPD-based projections of burned area also rise rapidly with
warming (Figure 3b). For example, if global temperatures rise by 3 K—which seems likely by the end of the
century (IPCC, 2023)—burned area is projected to increase by a factor of about 16 (Figure S2 in Supporting
Information S1 shows projections as a fraction of historical burned area). If global temperatures rise by
4 K—which is also possible by the end of the century (IPCC, 2023)— burned area is projected to increase by a
factor of about 66 (Figure S2 in Supporting Information S1). This would be a truly massive increase. For example,
of California's 33 million acres of forest, roughly 300,000-400,000 acres burned annually, on average, over the
historical period we consider (Williams et al., 2019). A 66-fold increase in burned area would imply that wildfires
would become mainly fuel-limited, with forests immediately burning once sufficient vegetation has regrown.
Forests would effectively cease to exist in California in anything like their current form. For these projections, we
relied on observed linear relations between historical log-transformed burned area and VPD. We also constructed
burned area projections using air temperature as the explanatory variable, and found qualitatively similar results
to those obtained using VPD (Figure S8 in Supporting Information S1). Prior studies have noted that VPD-based
burned area projections are similar to those obtained using temperature (Turco et al., 2023). Equivalent figures are
provided in Supporting Information S1 replacing global mean warming on the horizontal axis with local mean
warming (Figure S3 in Supporting Information S1), local maximum temperature warming (Figure S4 in Sup-
porting Information S1), and calendar year (Figure S5 in Supporting Information S1), which all provide quali-
tatively similar results.

In contrast, since changes in soil moisture are more muted (Figure 3a), soil moisture-based projections imply a
much smaller increase in burned area with warming (Figure 3b). For 3 K of global mean warming, they project an
increase in burned area by a factor of about two; for 4 K, an increase by a factor of about three (Figure S2 in
Supporting Information S1). Qualitatively similar results were found in individual ecoregions (Figres S10-S14 in
Supporting Information S1), and when redoing the analysis using MERRA-2 (Figure S15 in Supporting Infor-
mation S1) and ERAS-Land (Figure S16 in Supporting Information S1). We also constructed burned area pro-
jections using RH as the explanatory variable, and found qualitatively similar results to those obtained using soil
moisture (Figure S7 in Supporting Information S1). At sufficiently large spatial scales, RH is a surprisingly good
proxy for soil moisture, with dry soils causing a low evaporative fraction, which, in turn, cause low RH
(Betts, 2000; McColl & Rigden, 2020; McColl & Tang, 2024).

Projections remain sensitive to the inclusion of VPD and, to a lesser extent, temperature when constructed from
multivariate statistical models that consider multiple predictors simultaneously (Figure S6 in Supporting Infor-
mation S1). We considered four multivariate projections, based on the four statistical models described in
Section 2.5. Recall that, perhaps surprisingly, none of the four multivariate models exhibited better performance
than the univariate soil moisture and VPD models shown in Figure 2 (Table S8 in Supporting Information S1).
This is because the AIC penalizes overfitting, and the multivariate models add parameters without substantially
improving the model's fit to the data. The multivariate projection including all seven variables (including VPD
and air temperature) produced the largest projected burned forest area (Figure S6 in Supporting Informa-
tion S1)—9.2 (32) times the historical burned area with 3 K (4 K) of warming. Very similar projections were
obtained when temperature was excluded and only the remaining six variables were used. In contrast, removing
VPD as a predictor resulted in large reductions in projected burned area. Simply removing VPD from the
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multivariate projection and retaining the other six variables reduced projected burned area to 4.9 (9.9) times the
historical burned area with 3 K (4 K) of warming. Excluding both temperature and VPD and retaining the
remaining five variables reduced the projected burned area to just 2.0 (3.0) times the historical burned area with
3 K (4 K) of warming. Notably, projections excluding both temperature and VPD yielded burned area estimates
comparable to those obtained using soil moisture alone (Figure 3b).

In short, statistical model projections are systematically much larger when VPD (or, to a lesser extent, air
temperature) is included as a predictor, consistent with Brey et al. (2021). This is true for both multivariate and
univariate models. The inclusion of VPD in the multivariate model projection is the key reason behind the large
divergence between different projections derived from the different multivariate models. This further justifies our
referring to multivariate model projections that include VPD as “VPD-based projections” and our earlier focus on
univariate VPD projections.

3.3. VPD-Based Projections Are Incorrect Based on Prior Literature

Given the large disagreement between VPD- and soil moisture-based projections of burned area, they cannot both
be correct. To our knowledge, one prior study has noted the divergence between VPD- and soil moisture-based
projections (Brey et al., 2021), but did not make a case for one being incorrect. Here, we argue that the VPD-based
projections are incorrect, based on physical arguments published in the last decade in the field of terrestrial
hydrology. In this section, we review and synthesize that literature, which does not appear to be widely known in
the wildfire community.

Why use VPD to predict burned area? Seager et al. (2015) offer a concise mechanistic explanation, based on the
arguments of Anderson (1936): “It is not surprising that VPD is more successful in explaining burned forest fire
area than are other meteorological variables. It is essentially a measure of the ability of the atmosphere to extract
moisture from the surface vegetation, thus reflecting variations in the moisture content and flammability of
forests.” What Seager et al. (2015) call “a measure of the ability of the atmosphere to extract moisture from the
surface” is often referred to as “atmospheric evaporative demand” or “potential evapotranspiration” (PET) in
hydrology, equivalent to the evapotranspiration (ET) that would arise at a time or place if there was abundant
water to evaporate. More precisely, PET is often estimated using the Penman equation, which relates PET
to VPD:

VPD
—
€R, + plg, q" (T,)(1 — RH)

APET =
e+1

)

where A is the latent heat of vapourization of water, R, is surface net shortwave and longwave radiation,

4 Aq*(T,)
& RT;

a strong increasing function of air temperature (7,), R, is the specific gas constant of water vapor, p is air density,

€ = ¢, is the specific heat capacity of air at constant pressure, g*(7,) is the saturation specific humidity,

g, 1s the aerodynamic conductance, and RH is relative humidity. The ground heat flux has been neglected given it
is typically small on time scales longer than a day, although it can be easily included if desired. VPD is in the
numerator of this equation and, since ¢*(7T,) and hence VPD rises rapidly with warming, the Penman equation
predicts that PET will also rise rapidly with warming. This characteristic is also true of variants of the Penman
equation, such as the FAO-56 reference crop equation (Allen et al., 1998) and other variants that incorporate plant
physiological responses to rising carbon dioxide (Yang et al., 2019). We refer to all projections based on these
measures as “VPD-based projections”, even though other quantities are also used in the Penman equation and its
variants.

The problem with this argument is that VPD is, empirically, a poor measure of atmospheric evaporative demand.
Milly and Dunne (2016) examined times and places in climate models where ET was not water-limited, such that
ET = PET. They showed that, in climate models, surface net radiation (R,) multiplied by a constant was
empirically a much better predictor of PET than other options, including the Penman equation. Maes et al. (2019)
performed a similar analysis, but used eddy covariance measurements of ET under unstressed conditions rather
than results from climate models. They found a similar result: PET primarily scales with surface net radiation, not
VPD (or other options that included VPD, such as the Penman equation).
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This result is surprising because ET from a leaf in a plant chamber does, in fact, scale with VPD. How do we
explain this discrepancy? In a small-scale plant chamber experiment, VPD is an exogenous forcing. At large
scales relevant to climate, however, strong land-atmosphere feedbacks make VPD endogenous: it is determined,
in part, by the ET arising from the land surface (Bouchet, 1963; Brutsaert & Stricker, 1979; Gallagher &
McColl, 2025; Kim et al., 2023; McColl & Rigden, 2020; McColl & Tang, 2024; Morton, 1969; Tang &
McColl, 2025; Zhou & Yu, 2024). As an example, VPD in a dry western U.S. forest is very large in the summer.
But, if the forest was to be hypothetically flooded with water, the VPD would decline substantially, due to both
cooling and moistening of the overlying air in response to the land surface change (Gallagher & McColl, 2025).
This distinction is very important because PET is, by definition, the ET that would arise from a landscape if it was
hypothetically flooded with water (more precisely, if it was not water-limited), even if the landscape is actually
dry. The Penman equation overestimates PET by using the observed VPD, rather than the much lower VPD that
would arise if the land surface was hypothetically saturated (Berg & McColl, 2021; Kim et al., 2023; Milly &
Dunne, 2016; Roderick et al., 2015; Tang & McColl, 2025; Zhou & Yu, 2024, 2025a, 2025b). Several recent
studies (Kim et al., 2023; Tang & McColl, 2025; Zhou & Yu, 2024, 2025a, 2025b) have shown that, if land-
atmosphere feedbacks are incorporated into the Penman equation, the resulting equation for PET largely
scales with R,, as observed empirically (Maes et al., 2019; Milly & Dunne, 2016), not VPD.

As a result, VPD-based projections of aridity are grossly overstated. If a standard scaling for PET that ignores
land-atmosphere feedbacks is used (like the Penman equation), then climate models project massive, widespread
drying with warming (Sherwood & Fu, 2014). If PET is instead treated as scaling with R,, then there are no
obvious signs of global mean drying in exactly the same climate models (Greve et al., 2019). As it turns out, the
more modest projection (based on PET scaling with R,) is more consistent with other lines of evidence, based on
climate models and proxy records (Berg & McColl, 2021; McColl et al., 2022; Roderick et al., 2015). The
divergence between these different lines of evidence has been called the “aridity paradox” (Roderick et al., 2015),
but if PET is simply treated as scaling with R,, the “aridity paradox” essentially disappears (Greve et al., 2019;
Kim et al., 2023; Tang & McColl, 2025; Zhou & Yu, 2025a, 2025b).

What about the fact that VPD is highly correlated with burned area over the historical record? Put simply,
correlation is not causation. The “plant chamber” interpretation is that VPD is an approximately exogenous
forcing, with rising VPD causing declining fuel moisture content. But at ecosystem scales relevant to climate, the
causal direction is often reversed, with dry land surfaces causing dry near-surface air. Mechanism-denial ex-
periments dating back to the earliest climate models support this claim (Becker & Stevens, 2014; Delworth &
Manabe, 1989; Krakauer et al., 2010; Lagué et al., 2023; McColl & Tang, 2024; Zhou et al., 2019). In addition, the
“plant chamber” interpretation predicts that VPD (and related quantities, like the Penman equation) should
accurately reflect PET, which conflicts with empirical analyses of climate models (Milly & Dunne, 2016) and
observations (Maes et al., 2019). In contrast, the alternative interpretation (in which dry soils cause dry air)
predicts that PET should scale with R, (Kim et al., 2023; Tang & McColl, 2025; Zhou & Yu, 2024, 2025a, 2025b),
in agreement with empirical analyses. This interpretation also implies that VPD and soil moisture should be
correlated over the historical record (a period in which temperatures were approximately stable), but may diverge
as the planet warms (since VPD inevitably rises with warming, even if soil moisture does not change). This is
consistent with climate model projections (Figure 3), whereas the “plant chamber” interpretation (that rapidly
rising VPD should cause rapidly declining soil moisture) is not.

Our soil moisture-based projections are broadly consistent with independent projections in other studies that
avoid statistically relating burned area and VPD. Spracklen et al. (2009) developed multivariate statistical models
for burned area in different ecoregions of the western U.S. using temperature, wind, RH, precipitation, and fire
weather index, but not VPD. They projected annual burned area would increase by approximately 50% relative to
1996-2005 by the 2050s, corresponding to roughly 2 K of mean warming. Even though our projections differ in
various respects (including using a slightly different historical reference period, and using multiple climate
models), our soil moisture-based projections are broadly consistent with Spracklen et al. (2009), whereas our
VPD-based projections are not (Figure S3b in Supporting Information S1). In addition, Bhattarai et al. (2025)
used a land surface model that simulates wildfires and found that burned area in the western United States would
increase by a factor of 2-3 by the end of the century, corresponding to approximately 3.5—4 K of global mean
warming in the emission scenarios they considered (see their Figure 3d). Again, these projections are broadly
consistent with our soil moisture-based projections, but not with our VPD-based projections.
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In summary, recent advances show that VPD (and the Penman equation, and similar variants) are poor measures
of PET, based on both empirical (Maes et al., 2019; Milly & Dunne, 2016) and physical considerations (Kim
et al., 2023; Tang & McColl, 2025; Zhou & Yu, 2024, 2025a, 2025b). They drastically overstate the response of
PET to warming, leading to the erroneous impression that warming causes severe drying. The actual PET
response to warming is much more subtle, resulting in some regions experiencing drying, and others experiencing
wetting (Gallagher & McColl, 2025). As a result, VPD-based projections of burned area should be expected to
overestimate changes with warming, and to a greater extent as warming increases.

3.4. Limitations

There are broader limitations to projections of burned area based on historical correlations, whether or not they use
VPD, soil moisture or other explanatory variables. All such projections assume the historical regression relation
remains stationary despite changes in climate and forest conditions. That assumption may fail due to complex and
potentially non-stationary interactions between climate, vegetation, and wildfire behavior (Hurteau et al., 2019;
Littell et al., 2018; McKenzie & Littell, 2017; Westerling, Turner, et al., 2011). For example, if fires become fuel-
limited rather than flammability-limited (Abatzoglou et al., 2021), they will not be reflected in the historical
regression relation. In addition, an overabundance of fuel in some areas of the western U.S., aresult of the twentieth
century practice of widespread wildfire suppression (Marlon et al., 2012; Parks et al., 2015), may also change the
regression relation in the future. Such issues represent a problem with statistical projections that also characterize
projections of drought, aridity and the terrestrial water cycle, more generally (McColl et al., 2022). Mechanistic
models—including landscape fire models, where fire ignition and spread are explicitly modeled (Finney, 1998; Li
et al., 2020; Linn et al., 2002), or dynamic vegetation models including a fire component (Pfeiffer et al., 2013;
Thonicke et al., 2010)—avoid this problem, but at the cost of much greater complexity that requires parameterizing
processes that may not be well understood (Williams & Abatzoglou, 2016).

3.5. Implications

What does this mean for projections of burned area? In our view, projections explicitly based on VPD or variants
of the Penman equation (often referred to in the wildfire literature as “ET,”") should be expected to severely
overestimate projected burned area given sufficient warming. Some recent estimates based on other fire danger
indices appear to provide more conservative projections. Such indices include the “climatic water deficit”
(CWD), defined as the difference between PET and ET (Abatzoglou et al., 2021), or the Palmer Drought Severity
Index (PDSI; Palmer (1965)). Yet these indices still include explicit dependence on an incorrect measure of PET.
It may be possible to replace those estimates of PET with variants that scale with R,, rather than VPD, and this
may be worth exploring. As one example, Gallagher and McColl (2025) propose a simple theory for soil satu-
ration that only requires precipitation and surface net radiation as inputs, and similar approaches might reasonably
extend to fuel moisture content (note that we would not expect net radiation alone to explain much variability in
burned area, since both precipitation and net radiation determine soil moisture and fuel moisture). This simple
theory predicts relatively minor declines in soil moisture over the western United States (Figure S9 in Supporting
Information S1), consistent with climate model projections (Figure 3c), and would presumably result in more
modest burned area projections. In addition, we found that the burned area projected using RH as an explanatory
variable (Figure S7 in Supporting Information S1) was comparable to that based on soil moisture. It is sometimes
asserted that VPD is a better measure of land surface dryness than RH (Anderson, 1936; Seager et al., 2015), but
this is only true if one adopts the “plant chamber” interpretation, in which land-atmosphere feedbacks are minor.
In fact, land-atmosphere feedbacks are large and imply the reverse is true. Dry soils cause a low evaporative
fraction, which causes low RH, resulting in a strong causal relation between soil moisture and RH (Betts, 2000;
McColl & Rigden, 2020; McColl & Tang, 2024).

What about other meteorological fire indices that do not include explicit dependence on VPD or variants of the
Penman equation? Such indices include the Keetch-Byram Drought Index (KBDI; Keetch & Byram (1968)), the
Fire Weather Index (FWI; Wagner, 1987), the Forest Fire Danger Index (FFDI; McArthur 1967), and the Energy
Release Component (ERC; Bradshaw et al. (1984)). There are two problems with these indices. First, they all
incorporate air temperature but not surface net radiation. This means they implicitly model atmospheric evap-
orative demand as a function of air temperature (PET = f(T,)), rather than net radiation (PET = f(R,)), which is
the true control on PET. Apart from performing poorly empirically (Maes et al., 2019), prior literature has shown
that temperature-based estimates of PET exaggerate future drying even more than VPD or Penman-based
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estimates (Sheffield et al., 2012). Second, wildfire indices are constructed somewhat arbitrarily, with no unique
physical mapping to measurable state variables or fluxes (e.g., fuel moisture content or evapotranspiration). While
an index may correlate empirically with a measurable quantity in the present climate, there is no guarantee that it
will continue to do so as the climate changes. In addition, without a clear, physical link to a measurable variable, it
is unclear how to quantify an index's error, which renders it unfalsifiable. These problems also apply to other
indices related to drought and aridity (McColl et al., 2022).

Finally, we emphasize that our projections based on soil moisture do show increases in burned forest area by a
factor of two to three in the western U.S. by the end of the century. We argue, however, that current projections
relying on VPD severely overstate future wildfire risks, a significant problem that results in real costs. Long-term
adaptation to climate change, by both public institutions and private actors, depends on accurate and credible risk
assessments. As of March 2026, California's largest private insurers have pulled back from the state (Hemmati
et al., 2025). While many factors likely contributed to this decision, heightened perceptions of future wildfire risk
have been part of the broader context in which these choices were made.
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Table S1. CMIP6 models used in this study and their approximate atmospheric horizon-
tal resolutions. For each model, we analyzed output from the Historical (1984-2014), SSP1-2.6
(2015-2099), SSP2-4.5 (2015-2099), SSP3-7.0 (2015-2099), and SSP5-8.5 (2015-2099) experi-

ments.

Model name

Horizontal resolution (lon x lat)

ACCESS-CM2

1.875° x 1.25°

CESM2

1.25° x 0.9375°

CMCC-CM2-SR5

1.25° x 0.9375°

CNRM-CM6-1-HR

0.5° x 0.5°

CNRM-ESM2-1

1.4063° x 1.4063°

CanESM5-CanOE

2.8125° x 2.8125°

KACE-1-0-G 1.875° x 1.25°
MIROC-ES2L 2.8125° x 2.8125°
MIROC6 1.4063° x 1.4063°

MPI-ESM1-2-LR

1.875° x 1.875°

MRI-ESM2-0

1.125° x 1.125°

UKESM1-0-LL

1.875° x 1.25°




Table S2.

Squared Pearson correlation (R?) between the logarithm of burned forest area and

VPD anomaly, and between the logarithm of burned forest area and soil moisture anomaly. The

95% bootstrap confidence intervals are shown in brackets. For each ecoregion, the percentage of

total burned forest area in the western U.S. occurring in that ecoregion is shown. The percent-

ages do not add up to exactly 100% due to rounding.

Region Percentage of total burned forest area VPD Soil moisture
Whole domain 100% (0,591',7385) (0.52',73.86)
Ecoregion 1 73.2% ((),6(())',7886) (0.6%',7885)
Ecoregion 2 4.6% (0,()(??35) (070(?26)

Ecoregion 3 7.9% (0,1?.,38.58) (0.0%,23.43)
Ecoregion 4 12.7% (0.53.,75.83) (0.3(5)).,6(()5.82)
Ecoregion 5 1.9% (0,13',48,67) (O.Og.,25.64)




Table S3. Same as Table S2 but for MERRA-2 reanalysis.

Region Percentage of total burned forest area VPD Soil moisture
Whole domain 100% (0.32',5375) (0.12,45.66)
Ecoregion 1 73.2% (0.4(()).,63.80) (0.2(()).,43-65)
Ecoregion 2 4.6% (0.02.,1(%.30) (0.0(()).,0821)
Ecoregion 3 7.9% (0.091',25.52) (0.0%',1342)
Ecoregion 4 12.7% (0,3?.,53.77) (0.2?3.,58.73)
Ecoregion 5 1.9% (0.1(;,43.64) (0.1?.,3(?.62)




Table S4. Same as Table S2 but for ERA5-Land reanalysis.

Region Percentage of total burned forest area VPD Soil moisture
Whole domain 100% (0,53',73.86) (0.42.,78.83)
Ecoregion 1 73.2% (0.62.,73.88) (0.5(;,7383)
Ecoregion 2 4.6% (0.0(4)1.,3(;69) (0.1?’).,48.68)
Ecoregion 3 7.9% (0.1%,4869) (0.12',361.57)
Ecoregion 4 12.7% (0,5?.,63.81) (0.2(;,5(()3.75)
Ecoregion 5 1.9% (0.2?1',68.82) (0.12.,53.80)




Table S5. Model selection rates for the two univariate models (VPD or soil moisture) in each
region, based on the sample-size corrected Akaike Information Criterion (AIC.) and using the
ERADS reanalysis. The AIC. was estimated for each model in each region. The model with the
lower AIC, is considered the better model. To account for sampling uncertainty in model se-
lection, we used bootstrapping with 10,000 replicates to repeat the process by sampling with
replacement from the observations, and report the fraction of replicates in which each model was

selected as the better model (see Burnham et al. (2010), Section 4.5.2).

Region VPD Soil moisture
Whole domain 44% 56%
Ecoregion 1 46% 54%
Ecoregion 2 76% 24%
Ecoregion 3 98% 2%
Ecoregion 4 79% 21%
Ecoregion 5 92% 8%




Table S6. Same as Table S5, but using MERRA-2.

Region VPD Soil moisture
Whole domain 99% 1%
Ecoregion 1 100% 0%
Ecoregion 2 82% 18%
Ecoregion 3 95% 5%
Ecoregion 4 73% 27%
Ecoregion 5 79% 21%




Table S7. Same as Table S5, but using ERA5-Land.

Region VPD Soil moisture
Whole domain 83% 17%
Ecoregion 1 88% 12%
Ecoregion 2 44% 56%
Ecoregion 3 95% 5%
Ecoregion 4 99% 1%
Ecoregion 5 88% 12%




Table S8. Model selection rates for univariate and multivariate models, based on the sample-
size corrected Akaike Information Criterion (AIC.) and using the ERA5 reanalysis. All models
are evaluated over the whole domain. The model with the lowest AIC. is considered the best
model. To account for sampling uncertainty in model selection, we used bootstrapping with
10,000 replicates to repeat the process by sampling with replacement from the observations,
and report the fraction of replicates in which each model was selected as the best model (see
Burnham et al. (2010), Section 4.5.2).

Model Model selection rate
Univariate: Soil moisture 49%
Univariate: VPD 34%
Multivariate: all seven variables 3.5%
Multivariate: excluding air temperature ™%
Multivariate: excluding VPD 5%
Multivariate: excluding air temperature and VPD 1.5%
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Figure S1. FEcoregions used in this study. The five regions are based on the EPA Level II
Ecoregion dataset (U.S. Environmental Protection Agency, 2024). The ecoregions are (1) North-
western Forested Mountains, (2) Mediterranean California (11.1), (3) Cold Deserts (10.1), (4)
Southwestern Forested Mountains, and (5) Central Prairies. Three of these ecoregions are ag-
gregates of smaller ecoregions: Ecoregion 1 consists of the Western cordillera (6.2) and Marine
west coast forests (7.1); Ecoregion 4 consists of the Upper Gila mountains (13.1) and the Western
Sierra Madre piedmont (12.1); and Ecoregion 5 consists of the West-central semi-arid prairies
(9.3) and the South-central semi-arid prairies (9.4). Numbers in the parentheses are the EPA

Ecoregion codes.

,10,



(a) Projected normalized changes (b) Projected changes in
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Figure S2. Same as Figure 3 but replacing the absolute values in the y axis with the ratio

between absolute values and historical mean.
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Figure S3. Same as Figure 3 but replacing the x-axis with local temperature change.
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(b) Projected changes in burned forest
area using AVPD
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(d) Projected changes in burned forest
area using AVWC
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Temporal evolution of (a) AVPD and (b) VPD-based projections of burned forest
area in the western U.S. during 2015-2099 under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5.
Panels (c) and (d) show the corresponding results using VWC in place of VPD. The shaded re-

gion indicates the multi-model mean + one standard deviation for the scenario SSP5-8.5.
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Figure S6. Projections of burned forest area in the western U.S. based on multivariate regres-
sions using seven variables, as described in the main text. Shown are projections obtained using

all variables; excluding air temperature; excluding VPD; and excluding both air temperature and
VPD.
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Figure S7. Same as Figure 3 but replacing soil moisture with near-surface relative humidity

as the predictor for burned area.
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Figure S8. Same as Figure 3 but replacing soil moisture with near-surface air temperature as

the predictor for burned area.
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Figure S9. Surface net radiation (R,), precipitation (P), and the predicted soil saturation
(s) plotted against mean global temperature change. R, and P are from CMIP6 output, and s is
calculated using Ry, P and a recent theory for soil moisture (equation 2 of Gallagher and McColl

(2025)). The averaging process is the same as that used in Figure 3.

—14—



AVPD [Pa]

AVPD [Pa]

(a) Projected changes in (b) Projected changes in

VPD and VWC burned forest area
400 ;004 C
— <10°
200 | -
1002 E o
™ ©
0F E 4 10
0 g g
_2 [
400 | 1-0.02 g 103 J
m —
| —VPD-based projection
-600 -0.04 ) —VWC-based projection
‘ ‘ 10 : ‘
2 3 4 2 3 4
Projected change in global Projected change in global
mean temperature (K) mean temperature (K)
Figure S10. Same as Figure 3 but for Ecoregion 1.
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Figure S11. Same as Figure 3 but for Ecoregion 2.
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Figure S12. Same as Figure 3 but for Ecoregion 3.
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Figure S13. Same as Figure 3 but for Ecoregion 4.
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Figure S14. Same as Figure 3 but for Ecoregion 5.
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Same as Fig. 3 but using MERRA-2 reanalysis.
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