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Abstract
Large fires in the western United States become highly probable when dry conditions surpass critical thresholds of vapor pressure deficit 
(VPDt). VPDt likely differs between human- and lightning-ignited fires, potentially leading to ignition-type varied responses of fire weather 
risk to natural variability and various anthropogenic forcings, yet a comprehensive quantification remains lacking. Here, through fire 
observations with ignition types and a machine learning method, we found that human-ignited large fires had consistently lower 
thresholds (VPDt) across western US ecoregions. Consequently, the annual number of flammable days (when VPD > VPDt) for human- 
caused large fires was 93% higher on average and increased 21% more rapidly than those caused by lightning during 1979–2020. 
Through robust statistical detection and attribution of Earth System Models, we found that the anthropogenic greenhouse gas (GHG) 
emissions predominantly (81%) controlled the human-related flammable day increases, which was 18% greater than the effect of 
GHGs on the increases in lightning-related flammable days. Such ignition-type varied fire weather risk indicates more large fire-prone 
conditions for human-regulated fire regimes when GHG emissions are enhancing and ignitions are not limited by fuels.

Keywords: climate change, wildfires, western United States, anthropogenic impacts, human–fire interactions

Significance Statement

Wildfires in the western United States caused by humans and lightning exhibit distinct characteristics. However, the flammability 
thresholds (represented here by VPD levels that are sufficiently dry for fire spread) of the two types of fires, and their fire risk responses 
to natural and anthropogenic forcings, remain unclear. We found that human-ignited large fires showed lower flammability thresh
olds and 93% more flammable days than those caused by lightning. Flammable days for human-ignited large fires rose 21% faster 
during 1979–2020. Anthropogenic greenhouse gas emissions contributed 81% to the increases in human-related flammable days, 
an impact 18% stronger than that for lightning-related flammable day increases. Our findings enhance understanding of how ignition 
sources and anthropogenic emissions jointly affect western US fire weather risk.
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Introduction
The western United States has experienced marked increases in 
fire frequency (1), incidence of large fires (2), and fire season length 
(3, 4) since 2000 compared with the prior two decades. When an 
ignition occurs and fuels (e.g. living vegetation and dead wood 
debris) are sufficient and connected, fuel moisture levels play a 
critical role in determining fire spread (5), extinction (6), and fire 
sizes (6–8) vapor pressure deficit (VPD), a measure of atmospheric 
dryness that reflects the difference between actual and saturated 
air water vapor content, is closely associated with dead and live 
fuel moisture (7–9), and has emerged as a primary driver behind 
large fires, such as the catastrophic 2020 fire year in the western 
United States (4, 6, 10–12). While there is compelling evidence 

that VPD must surpass a critical threshold (VPDt) for sustained 
combustion (6) and spread of large fires (5), the value of VPDt for 
large fires, especially across the diverse ecosystems of the western 

United States, remains elusive. Intriguingly, fires ignited by hu
man activities tend to appear at wetter conditions compared 
with those ignited by lightning (2, 13). However, the specific 
VPDt of human- and lightning-ignited large fires, and the degree 
to which their respective annual numbers of flammable days 
(we defined a day as “flammable” when its VPD exceeds VPDt) 
have been shaped by climate change due to various anthropogen
ic and natural forcings (NAT), remain unclear.

Fire regimes in the western United States modulated by hu
mans and lightning exhibit distinct patterns. Lightning-ignited 
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fires mainly occur during the summer when the fuels are ad
equately dry and typically in mountainous regions with sparse 
human population (13). In contrast, human-ignited fires are less 
dependent on fuel aridity and can prolong the fire season almost 
3-fold compared with lightning-ignited fires (2, 13–15). These fires 
are widespread throughout the western United States, especially 
in areas with moderate development and wildland–urban interfa
ces (1, 2, 16, 17). The propensity for human-ignited fires even in 
wetter conditions suggests a fundamental distinction in the pre
requisites for fire weather between the two types of fires. 
Specifically, conditions that are “insufficiently dry” for lightning- 
ignited fires may still suffice for fires resulting from human activ
ities. This disparity can skew the evaluation of fire weather risk if 
using a single metric or threshold, as seen in schemes used in the 
Fire Modeling Intercomparison Project (18) and in the fire danger 
indices of current early warning systems (19–21). Therefore, pin
pointing the specific VPDt for each ignition source is critical for 
understanding and warning large fires, especially in regions of 
ecological and economical importance like the western United 
States, where wildfires are increasingly common.

Furthermore, anthropogenic climate change is intensifying dry 
conditions, especially when VPD surpasses its critical threshold 
for large fires. Previous studies have used empirical thresholds, 
such as using the 90th percentile value of VPD in the study period 
(4, 22, 23), to quantify the frequency of flammable days with VPD  
> VPDt (i.e. fire weather risk) and their long-term changes across 
the western United States (4, 23). These studies found the domin
ant role of anthropogenic emissions compared with natural vari
ability in fire weather risk increases (4, 23). Anthropogenic 
emissions include multiple groups of forcing agents such as 
greenhouse gases (GHGs) and aerosols. Large ensemble simula
tions from the Community Earth System Model (ESM) reveal 
that different anthropogenic emissions distinctly influence re
gional temperature, relative humidity (RH), precipitation, and, 
consequently, fire weather (24). While GHG emissions that exert 
warming effects are projected to rise in the future (25), aerosols 
can either cool or warm the atmosphere and are expected to de
cline in their emission levels (26, 27). Therefore, disentangling 
the individual contributions from these anthropogenic and NAT 
factors is essential for a comprehensive understanding of the 
changes in fire weather risk and for establishing a scientifically 
grounded basis to prioritize climate mitigation policies. Yet, this 
facet remains underexplored. Moreover, the quantification of 
weather risk, associated with human- and lightning-ignited fires 
responding to these external forcings, has not been undertaken.

Here, we quantified VPD thresholds for large fires ignited by hu
mans and lightning across ecoregions (28) in the western United 
States. We defined “large fires” as the largest 10% of fires within 
each ecoregion, following the methodology of a previous study 
(2). This percentile-based definition accounts for substantial var
iations in fire sizes across ecoregions, allowing us to capture a con
siderable portion of large fires from each ecoregion rather than 
disproportionately including ecoregions with more frequent large 
fires (2) (see Materials and methods for more details). We focus on 
large fires because they represent a substantial share of the total 
burned area within each ecoregion (2, 13) and have significant im
pacts on local ecosystems and human communities (2, 29, 30). We 
used fire data from the Fire Program Analysis fire-occurrence 
database (31, 32), which explicitly records the causes of fire igni
tions. Using a Bayesian inference algorithm, we modeled the rela
tionship between VPD and the probability of large fires and 
subsequently established the critical VPD threshold (VPDt) repre
senting conditions “sufficiently dry” for large fires with a 90% 

probability (see Materials and methods). Using this VPDt, we as
sessed the frequency and long-term trends of flammable days 
per year (days when VPD > VPDt) for both ignition sources from 
1979 to 2020. To delve deeper, we employed the optimal finger
print algorithm (Materials and methods) and simulations from 
all accessible ESMs in the Coupled Model Intercomparison 
Project Phase 6 (CMIP6) (33) and the Detection and Attribution 
Model Intercomparison Project (DAMIP) (25). We aimed to quan
tify the individual impacts of GHG emissions, other anthropogenic 
forcings excluding GHG (OANT), and NAT on observed changes in 
flammable day frequencies for both human- and lightning-ignited 
large fires.

Results
Lower flammability thresholds and more 
flammable days for human-ignited large fires
We found that human-ignited large fires consistently had a lower 
VPDt compared with those ignited by lightning across all investi
gated ecoregions in the western United States (Fig. 1). The esti
mated VPDt ranged from 1.1 to 2.1 kPa for human-ignited large 
fires and 1.8 to 3.1 kPa for lightning-ignited large fires (Fig. 1b). 
Notably, specific ecoregions, including Northwestern Forested 
Mountains (NFM), Mediterranean California (MC), Warm Deserts 
(WD), and Southern Semi-Arid Highlands (SSAH) (Fig. 1b), showed 
higher thresholds (2.0–2.1 kPa) for human-ignited large fires than 
the other ecoregions. On the contrary, ecoregions such as Cold 
Deserts (CD), WD, and SSAH exhibited higher VPD thresholds for 
lightning-ignited fires ranging from 2.6 to 3.1 kPa, considerably 
surpassing thresholds in other ecoregions, which lay between 
1.8 and 2.4 kPa. The persistently lower VPDt (Fig. 1b) implies the 
greater likelihood for human-ignited large fires to occur even in 
relatively moist conditions in contrast to lightning-ignited large 
fires, all else being equal. Given these distinct thresholds, we 
quantified the annual count of flammable days (days when VPD  
> VPDt) as an indicator of fire weather risk (4, 23, 34) for both 
human- and lightning-ignited large fires, denoted as Fhm and 
Fltn, respectively.

During 1979–2020, the mean annual Fhm was about 93% higher 
than Fltn across the western United States. Specifically, around 
16% of each year (Fhm = 58 days year−1) presented conditions dry 
enough for human-ignited large fires, in contrast to a mere 8% 
(Fltn = 30 days year−1) for lightning-ignited large fires. A consistent 
pattern emerged across all ecoregions (Fig. 1c), where Fhm signifi
cantly surpassed Fltn (Wilcoxon rank-sum test; P < 0.05). The 
mean Fhm exceeded Fltn by a range of 42 to 500% across different 
ecoregions (Table S1). Both Fhm and Fltn were typically larger in 
southern ecoregions (Fig. 1c). For example, in the southern ecore
gions such as WD, Temperate Sierras (TS), SSAH, and MC, the 
mean Fhm and Fltn ranged from 74 to 155 and from 26 to 109 
days per year, respectively. This is in contrast to the northern 
ecoregions such as CD, Marine West Coast Forest-MWCF, and 
NFM, where Fhm and Fltn ranged from 9 to 57 and from 5 to 18 
days annually, respectively (Fig. 1c and Table S1). Our findings 
underscore the distinct fire weather risk for fires ignited by hu
mans and lightning and highlight the dramatic amplification in 
the magnitude of flammable days for human-caused large fires.

More rapid increase of flammable days for 
human-ignited large fires
We observed evident increases in Fhm and Fltn across the majority of 
the western United States from 1979 to 2020 (Fig. 2a and b). 
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Specifically, about 66 and 58% of the area in the western United 
States experienced significant (P < 0.05; Materials and methods) in
creases in Fhm and Fltn, respectively. Both Fhm and Fltn trends, influ
enced by the trends in VPD and VPDt, generally decreased with 
increasing latitudes (Fig. 2a and b). In the southern ecoregions 
(MC, WD, TS, and SSAH), average Fhm and Fltn trends varied from 
0.61 to 0.73 and 0.41 to 0.66 days per year, respectively. These 
trends were notably higher by 17–170% for Fhm and 5–230% for 
Fltn compared with the northern ecoregions (NFM, MWCF, and 
CD). Notably, over 94% of the area in MC located in California expe
rienced an increase in Fhm and Fltn with a trend of 0.71 and 0.64 days 
year−1, translating to 30 and 27 more flammable days since 1979, 
respectively. The results highlight an amplified urgency to address 
the rising fire weather risk in the southern ecoregions.

While Fhm was significantly higher than Fltn, its rate of increase 
also outpaced that of Fltn across most ecoregions (Fig. 2c). On aver
age, Fhm’s increase across the western United States was 0.52 days 
year−1, about 21% faster than that of Fltn’s 0.43 days year−1. Over 
the 42-year span, there was an average increase of 22 days for 

Fhm across the western United States, ∼4 days more than that 
for Fltn. Except for the WD region, Fhm’s increase was significantly 
> that of Fltn in all ecoregions (Wilcoxon’s rank-sum test; P < 0.05) 
(Fig. 2c). The mean trends of Fhm exceeded Fltn by 29 to 125% in the 
three forest-dominated ecoregions (NFM, MWCF, and TS). In other 
ecoregions, Fhm trends were 2–78% larger than Fltn. These findings 
indicate that the western United States, irrespective of being for
ested or not, has seen a more pronounced rise in fire weather risk 
for human-ignited fires.

The observed changes in Fhm and Fltn were closely linked to the 
changes in the burned area across the western United States. 
Specifically, annual burned area anomaly showed a significantly 
positive correlation with both Fhm (r = 0.59, P < 0.05) and Fltn (r =  
0.49, P < 0.05) (Fig. 3a and b). Such positive relationships were also 
identified in the satellite-observed burned area without differenti
ating ignition types (Fig. S1). These results suggest a robust associ
ation between the fire weather risk and the actual burned area. In 
conjunction with the increasing flammable days, a positive trend 
(20.1 kha year−2, P < 0.1) of burned area was found in human- 

Fig. 1. Lower VPD thresholds and more flammable days for human-ignited large fires. The spatial distribution of the ecoregions in the western United 
States a), the differences in the constraints of VPD on the probability of human- and lightning-ignited large fires in each ecoregion b), and the mean 
annual number of flammable days from 1979 to 2020 c). In b), lines of the same color represent the response curves of large fire probability to VPD within 
the same ecoregion for human-ignited (dashed lines) and lightning-ignited fires (solid lines). Shaded ribbons in b) denote the 90% credible intervals for the 
probability of large fires limited by VPD. The inset within b) displays the VPD thresholds at the 90% probability level of the VPD–large fire logistic function 
(see Materials and methods). Each point in c) signifies the mean annual number of flammable days (when VPD > VPDt) in a grid cell (0.25°). The whiskers in 
c) represent the 5th and 95th quantiles, with boundaries indicating the 25th, 50th, and 75th quartiles.
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Fig. 2. Flammable days above the VPD thresholds for human-ignited large fires increased more rapidly than those for lightning-caused fires in most 
western US ecoregions from 1979 to 2020. The trends in the frequency of flammable days for human-ignited a) and lightning-ignited large fires b), and 
their summary statistics for each ecoregion c). Each point in c) signifies the trend of flammable days in a grid cell as shown in a) or b). The whiskers in c) 
represent 5th and 95th quantiles, with box boundaries representing the 25th, 50th, and 75th quartiles. Gold stars highlight ecoregions where trends of 
flammable days for human-ignited large fires were significantly (P < 0.05) larger than those for lightning-ignited large fires.

Fig. 3. Changes of flammable days are linked to changes in the burned area in the western United States for both ignition types. Significant (P < 0.05) 
relationships between the annual anomaly of burned area and anomaly of annual number of flammable days for human-ignited a) and lightning-ignited 
large fires during 2000–2020 b). The two-decadal burned area trends (i.e. light gray horizontal lines), and annual burned area changes (i.e. boxplots) from 
2011 to 2020 relative to the annual mean burned area during 2000–2010 for human- and lightning-ignited large fires c). The burned area anomaly in a) and 
b) is calculated by subtracting the mean of burned area during 2000–2011, and solid lines indicate the fitted linear relationships. The whiskers in c) 
represent the 5th and 95th quantiles, with box boundaries representing the 25th, 50th, and 75th quartiles.
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ignited large fires (Fig. 3c), ∼2.6 times larger than that of lightning- 
caused large fires (5.6 kha year−2, P > 0.1). Consequently, the 
decadal mean annual burned area for human-ignited large fires in
creased by 242 kha year−1, 74% larger than the increase (139 kha 
year−1) of lightning-caused large fires (Fig. 3c). These findings em
phasize the pivotal role of the fire weather changes in driving 
burned area increases in the western United States (10, 23, 35) 
and highlight the necessity of understanding the rapid changes in 
fire weather conditions for both ignition types.

Greater impacts of anthropogenic emissions on 
rising human-related flammable days
Using ESM simulations from CMIP6 and DAMIP, we investigated 
the drivers behind the observed increase in flammable days 
in the western United States (Materials and methods). The multi
model ensemble mean (MMEM) of nine fully coupled and 
all-forcing-driven ESMs reasonably captured the observed in
creases in Fhm and Fltn. Regionally averaged observations of flam
mable days generally agreed with that of MMEM (r = 0.70 for Fhm 

and r = 0.68 for Fltn; P < 0.05). The observed trends fell within the 
95% CIs (t test) of the ESM-derived trends. From 1979 to 2020, 
the MMEM showed that average Fhm increased by 0.50 days 
year−1, about 25% more than Fltn’s 0.40 days year−1. The MMEM 
of ESM simulations revealed that anthropogenic forcings (GHG 
and OANT) played a more pronounced role in elevating Fhm and 
Fltn than NAT (Fig. S2). Specifically, GHG was responsible for 
0.26- and 0.24-day annual increases in Fhm and Fltn, respectively, 
whereas OANT accounted for smaller increases of 0.12 and 0.09 
days year−1 for Fhm and Fltn, respectively.

Further analysis using a regularized optimal fingerprinting 
(ROF) algorithm (36, 37) (Materials and methods), which considers 
climate noise and model structural uncertainties, enabled us to 
more robustly quantify the relative contributions from GHG, 
OANT, and NAT to the observed increases in Fhm and Fltn. The al
gorithm regressed observed changes in Fhm and Fltn against model 
simulations driven by different forcings using scaling factors 
(Materials and methods). A positive scaling factor with a CI above 
zero indicates a detectable (P < 0.05) forced response. One-signal 
regressions of observed Fhm and Fltn anomalies against corre
sponding model simulations driven by all forcings (ALL) revealed 
detectable fingerprints of MMEM ALL in observations (Fig. S3). 

Meanwhile, three-signal regressions onto responses driven by 
GHG, OANT, and NAT highlighted significant (P < 0.05) finger
prints of GHG and OANT (Fig. 4a), respectively. For both Fhm and 
Fltn of MMEM, the 95% CIs of scaling factors for GHG and OANT 
were above zero (Fig. 4a). The detectability of the GHG and 
OANT fingerprints was confirmed by most ESMs (Fig. S4a). 
Compared with GHG and OANT, the ESMs showed greater incon
sistency in the detectability of NAT fingerprint with three models 
indicating insignificant detectability (Fig. S4a). The latter yielded 
insignificant NAT fingerprints for Fhm and Fltn in the MMEM, as 
shown by the CIs of its scaling factors including zero (Fig. 4a).

We derived the observed trends of Fhm and Fltn attributable to 
GHG and OANT by multiplying the scaling factors by the corre
sponding forced responses simulated by the ESMs (Fig. 4b). The 
MMEM revealed that GHG contributed to increases of 0.46 (0.26– 
0.70) days year−1 in Fhm and 0.39 (0.24–0.55) days year−1 in Fltn. 
All ESMs, except GFDL-ESM4, consistently highlighted the signifi
cant positive contributions of GHG to the observed increasing 
trends of Fhm and Fltn. Moreover, a majority of the ESMs (seven 
of nine) suggested GHG as the primary contributor to the observed 
trends (Fig. S4b). OANT also made a positive but less discernible 
contribution to the observed increases, as suggested by the 
MMEM (Fig. 4b) and seven of the nine ESMs (Fig. S4b). Notably, 
the impacts of anthropogenic forcings on raising the Fhm were 
greater than that of Fltn (Fig. 4b). On the contrary, the MMEM indi
cated no attributable trends of NAT (Fig. 4b). These findings pro
vide a deeper understanding of the distinct responses of fire 
weather risk to various external forcings for human- vs. lightning- 
ignited large fires, particularly emphasizing the greater influence 
of GHGs in shaping fire weather risk changes in the western 
United States.

Discussion
Our study unveils two novel and pivotal findings that advance the 
understanding of fire regimes in the western United States. First, 
we found that, relative to large fires ignited by lightning, human- 
caused large fires exhibited lower VPD thresholds with ∼93% more 
flammable days, and experienced a 21% faster rise in annual 
number of flammable days. The lower VPD thresholds support 
previously reported significantly wetter (i.e. higher fuel moisture 

Fig. 4. GHG emissions are the dominant drivers of the increasing annual number of flammable days for human- and lightning-ignited large fires over the 
western United States from 1979 to 2020. Scaling factors derived from regression of observed anomalies in the frequency of flammable days onto 
three-signal forcings (GHG vs. OANT vs. NAT) for human (HM)- and lighting (LN)-ignited large fires using MMEM a); error bars and triangles show the 5– 
95% CIs and best estimates of scaling factors; CIs above zero indicate a detectable (P < 0.05) forced response, while CIs containing zero indicate an 
undetectable forced response. Attributable trends for each forcing b); “OBS_LN” and “OBS_HM” represent the observed trends in annual number of 
flammable days for lightning- and human-ignited large fires, respectively.
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or lower VPD) occurrence conditions for human-ignited fires than 
lightning-ignited ones (2, 13). However, this study expands prior 
investigations by, for the first time, separately quantifying the 
flammability thresholds for fires of the two ignition types, which 
are essential for understanding fire dynamics modulated by igni
tion types and climate (7, 8, 22, 34). Our findings of more frequent 
flammable days per year for human-ignited large fires are consist
ent with the prior results showing substantially longer fire sea
sons for human-ignited fires relative to fires ignited by lightning 
(1, 13, 38). Founded on a longer temporal period (about four deca
des) than pioneer studies (1, 2, 13), our results further revealed sig
nificant and more rapid increases in the number of flammable 
days for human-ignited fires than lightning-ignited fires, implying 
likely faster increase in human-caused large fire frequency than 
that caused by lightning (1). While the fire weather risk is higher 
for human-caused large fires and human-caused fires are most 
detrimental to homes and infrastructures (15, 30), we clarify 
that the results do not mean lightning-related fire risk is not or 
less important. Actually, we found that over a half the western 
US area experienced significant increases in the number of flam
mable days for lightning-caused fires (Fig. 2) and lightning-ignited 
fires are generally more intense (1) and linked to nearly two-thirds 
of fire suppression costs in the United States (30). Instead, our 
findings highlight the importance of distinguishing fire weather 
risk based on ignition types.

Second, through robust analyses of multiple ESMs, we found 
that anthropogenic GHG emissions exerted a dominant influence 
over other anthropogenic and NAT on the increasing flammable 
days for both types of large fires between 1979 and 2020. 
Remarkably, relative to lightning-ignited large fires, the contribu
tion from GHG emissions to the increasing annual number of 
flammable days for human-ignited large fires was ∼18% larger, in
dicating higher sensitivity of human-related fire weather risk 
changes to GHG emissions. Our findings of the major anthropo
genic controls on rising fire weather risk confirm the previously re
ported dominant impact (∼55–88%) from anthropogenic climate 
change to the increasing fire weather in the western United 
States through analysis of model simulations and observations 
(4, 23). Going beyond prior examinations, this study is the first to 
differentiate the fire weather risk by ignition types, and disentan
gle the contributions from various external forcings, including 
GHG emissions, other anthropogenic emissions, and natural vari
ability. Our results therefore establish a more nuanced portrayal 
of the anthropogenic impacts on dangerous fire weather changes 
in the western United States.

Overall, our study underscores the critical role of human activ
ities, particularly in the form of GHG emissions and fire ignitions 
under wetter conditions, on escalating large fire risk in the western 
US ecoregions. The predominant control from anthropogenic GHG 
emissions underscores the importance of prioritizing GHG removal 
and reduction efforts (e.g. through clean energy and natural cli
mate solutions (39–41)) as a primary strategy to mitigate the root 
causes of long-term increases in fire weather risk. Reducing GHGs 
is likely to have a more substantial impact on human-regulated 
fire regimes, given the faster increase in flammable days for 
human-related fires (Fig. 2c) driven by rising GHGs (Fig. 4b). The 
lower flammability thresholds of human-caused fires highlight 
the importance of implementing prevention schemes and regula
tions for potential human ignitions (e.g. maintenance or setup of 
powerlines) (42), even under relatively wet weather conditions. 
Ecological management strategies, encompassing prescribed burn
ing, mechanical fuel treatment, resource allocation, emergency re
sponse, and fire suppression (43–46), need to be refined by 

considering the distinct fire dynamics (e.g. fire frequency and inten
sity) and flammability (e.g. threshold differences) for human- vs. 
lightning-ignited large fires (1, 2, 13, 47, 48).

The differences in VPDt for the two types of fires could likely be 
attributed to the varying fuel conditions during the initial phase of 
fire expansion and the seasonal differences in ignitions. Similar to 
the prior study (48), we found significantly higher tree coverage for 
lightning-caused large fires than for human-caused fires across 
multiple ecoregions with forests, including NFM, MWCF, MC, and 
TS (Table S2). With greater tree cover, lightning strikes are more 
likely to ignite fires from overstory fuels (e.g. live trees) rather 
than surface fuels (e.g. grasses or dead fine fuels) (49). Overstory 
fuels tend to be denser and moister than surface live or dead fine 
fuels (50–52), creating greater impediment during the initial phase 
of fire spread (48) and requiring drier conditions for sustained fire 
spread (5, 48). Conversely, human-caused fires are less likely to 
start from trees and tend to start and spread more easily through 
surface nonwoody or fine dead wood fuels, even under relatively 
wetter conditions (2, 48). These initial fuel differences likely lead 
to the differences in fire flammability thresholds (48).

Furthermore, even with similar initial fuel conditions, lightning- 
related ignitions mostly occurred in the summer with higher VPD, 
whereas a remarkable portion of human-caused ignitions can oc
cur in other seasons (e.g. spring and fall) with lower VPD (Fig. S5). 
The coincidence of higher VPD and lightning ignitions temporally 
concentrated in summer can lead to higher VPD for lightning- 
caused large fires and, thus, higher VPDt inferred by the statistical 
models. While such seasonal differences in fire ignitions may con
tribute to the observed differences in VPDt (2, 13), the VPDt of 
human-caused fires should be fundamentally the same as that of 
lightning-caused fires when they occur in the same season and 
under the same environmental conditions with the same ignition 
location (overstory vs. understory). Given the crucial role of VPD 
in regulating fire dynamics and the limitation of existing data 
(e.g. relatively coarse ignition location) (31, 53), further exploration 
of the VPDt differences for the two ignition types is needed when 
datasets with more precise ignition location (e.g. overstory vs. 
understory) and detailed fuel characteristics (e.g. fuel size, struc
ture, moisture, type, and chemical composition) (54–57) especially 
during the initial phase of fire spread (48) are available.

Here, we mainly focused on the controls of VPD on fire weather 
risk because VPD is a measurement of both environmental dry
ness and heat, and because of its major link to fire behaviors 
(e.g. fire spread and extinction) (6, 58, 59), interannual changes 
of burned area (4, 11, 23), and extreme fire events (10) in the west
ern United States. The significantly lower thresholds of VPDt for 
human-caused large fires than those related to lightning, and 
the mean and range of VPDt across ecoregions, were robust, des
pite the uncertain effects from the proxies of fuel availability 
and fire suppression (Tables S3 and S4), and different percentile 
cutoffs for large and small fires (Tables S5 and S6). However, we 
acknowledge that western US fires are also jointly controlled by 
other factors, including wind patterns (60, 61), high temperature 
and droughts (62, 63), heatwaves (64), earlier spring snowmelt 
(3), winter and spring climate conditions (65), summer precipita
tion (66), atmospheric humidity (67), and live fuel moisture con
tent (68), topography (69, 70), and forest management (71). A 
more comprehensive modeling strategy with high physical inter
pretability (72) that considers all the potential variables, 
therefore, is needed to understand their instantaneous and time- 
lagged, direct and indirect, and interactive causal effects on wild
fires (73–80). Additionally, this study primarily focused on the im
pacts of various external forcings on fire weather risk at the 
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interannual scale; deeper understanding of the fire dynamics, 
therefore, requires further exploration of the anthropogenic cli
mate change impacts on fire ignitions (81–83), fire spread rate 
(48, 84), and fire extinction (6) across various temporal scales 
(e.g. daytime vs. nighttime, seasonal vs. interannual scales) (85, 
86) and from history to diverse future scenarios.

This study investigated the western United States because 
wildfires have been rising and are an integral part of the climate 
mitigation and adaptation solutions there (87, 88). Better under
standing of fire mechanisms is essential for more targeted and ef
fective strategies to mitigate the manifold detrimental effects of 
wildfires on ecosystem functions (e.g. widespread tree mortality 
(89)), air quality (90), human properties (30) and health (91), and 
the economy (e.g. ca. $149 billion cost by the 2018 fires in 
California (92)). While the modeling scheme used here has been 
applied to understand wildfires globally (6, 93), biased results 
may be induced when ignoring critical drivers or processes of local 
wildfires. For example, while in specific areas (e.g. Australia, 
Amazon forests, and southern Africa), wildfires are greatly 
controlled by fire season drought (94) or precipitation variations 
in wet season and teleconnections (e.g. ENSO and Arctic 
Oscillation) (73, 95–97), fire regimes can also be strongly affected 
by local fire suppression efforts and fire policies in other regions 
(e.g. China) (98). Modeling and understanding of wildfires in re
gions beyond the western United States, therefore, require inclu
sion of their local major drivers of wildfires rather than simply 
including VPD. This study gives added importance to understand
ing the impacts of GHG emissions and ignition types on fire wea
ther risk in the western United States. Since GHG emissions are 
expected to continue especially under future high-emission scen
arios, the interactive impacts of GHG emissions and ignition types 
on fire risk warrant further exploration in other wildfire hotspots 
albeit with the spatially heterogeneous nature and complexity of 
wildfires across different fire regimes globally.

Materials and methods
Linking VPD to large fire probability
We used a Bayesian inference approach to assess the relationship 
between VPD and large fire probability. Ultimately, our objective is 
to identify the VPD thresholds above which large fires are less like
ly constrained by VPD after ignitions. Therefore, instead of model
ing actual fire occurrence, our models of large fire probability 
focused on the potential for large fires given an ignition (6, 
99–101) by using only data samples where fires already occurred 
(99–101). Such conditional probability of large fires excludes esti
mation of the likelihood of ignitions with complexity and stochas
ticity (99–101), which is similar to widely used fire weather indices 
(19–21) and has shown reasonable performance in reflecting ac
tual fire activities in the western United States (99, 100). Because 
fire characteristics (e.g. fire size and frequency) can be ecoregion- 
varied (Fig. S6) and VPD thresholds can differ among ecosystems 
(6), we built ecoregion-specific models, each of which was para
meterized by a logistic relationship between VPD and large fire 
probability (6, 93, 102–104) (Eq. 1) where increasing VPD enhances 
the probability of large fires in a nonlinear manner. Since the cli
mate conditions at the time and place of an ignition are essential 
for the initial phase of fire expansion (48) and considering the dur
ation of most fires (79%) was one day, we chose the VPD on the 
start date of a fire at the place of an ignition as the initial climate 
condition for fire modeling. Additionally, we tested the mean VPD 
throughout the entire duration of a fire event at the ignition 

location for fire modeling and found no significant (two-tailed t 
test, P > 0.05) differences in the modeled VPD thresholds. The 
VPD thresholds were derived using the gridded surface meteoro
logical (gridMET) dataset (105), which has been widely used in 
analyzing fire dynamics and fire weather changes in the United 
States (4, 13, 23, 66, 106). When an ignition occurs, in addition to 
the constraint of VPD (4, 6, 11), fuel insufficiency and human sup
pression can also prevent the occurrence of large fires. Therefore, 
we adjusted the fire probabilities by fuel availability and fire sup
pression (Eq. 2) proxied by net primary productivity (NPP) (1, 22) 
and population density (PD) (74, 93, 107), respectively. NPP repre
sents the vegetation-accumulated biomass after accounting for 
ecosystem respiration, and has been commonly used as a proxy 
of fuel availability (13, 22, 108, 109). Thus, we followed previous 
studies (13, 22, 108, 109) and used the annual total NPP from 
MODIS data (110) to represent fuel availability. Additionally, we 
also tested and discussed the use of aboveground biomass esti
mated through Global Ecosystem Dynamics Investigation (GEDI) 
(111) and the annual maximum enhanced vegetation index (EVI) 
and leaf area index (LAI) from MODIS (112) as fuel availability 
proxies (99, 113), although current GEDI-based biomass data do 
not vary across years (111) and the EVI and LAI are generally 
less used as the fuel availability proxy than NPP in literature as 
we know (see the Discussion section for more details). Similar to 
prior studies (74, 93, 107), annual PD was used as the proxy for 
fire suppression. Besides that, we also tested annual gross domes
tic product as the fire suppression proxy as utilized in the previous 
study (114). We first fit the fire models by simultaneously consid
ering the controls of VPD, fuel availability, and fire suppression 
(Eq. 2). Then, we derived the VPD thresholds based solely on the 
inferred logistic function between VPD and fires (Eq. 1) since our 
primary focus is on the limitation of VPD to large fires. This mod
eling strategy aligns with prior studies aimed at identifying the 
limitation of VPD on fires or the constraint of fire weather on fires 
(6, 93, 104, 107). To quantify what is considered “sufficiently dry” 
where large fires are less likely to be VPD-limited, we chose the 
90% posterior probability of the VPD–large fire logistic function 
as the threshold (VPDt) (6).

Specifically, in the ith ecoregion (1 ≤ i ≤ n, where n is the total 
number of ecoregions), the impact of the jth control factor xij 

(1 ≤ j ≤ m, where m is the count of control factors derived from 
VPD, NPP, and PD) on large fire probability is modeled as Eq. 1, where 
αij is the steepness of the logistic curve and βij is the value at which 
control factor xij results in a 50% limitation on fire probability (i.e. 
f (xij) = 0.5). We considered αij > 0 for VPD and NPP and αij < 0 for 
PD since increasing VPD and fuel availability could increase the 
probability of large fires while increasing human suppression could 
reduce that probability (93). For the ith ecoregion, the modeled large 
fire probability, denoted as Fi, was determined as the product of 
multiple factors (Eq. 2). This probability links to the observed fire 
event Yi, which is represented through the Bernoulli distribution 
(Eq. 3). When a large (or small) fire occurred, Yi = equals 1 (or 0), 
and such binary classification has been commonly represented by 
Bernoulli distribution (115), achieving reasonable performance in 
predicting large fire probability (99, 100, 116).

f (xij) =
1

1 + e−αij(xij−βij)
(1) 

Fi = Πm
j=1 f (xij) (2) 

Yi ∼ Bernoulli (Fi) (3) 
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Bayesian model parameter inference
A total of 644,908 fires in the fire database are within the ecore
gions studied, and 91.5% of the fire events (589,794) have the igni
tion causes recorded. To capture a considerable proportion of 
large fires in each ecoregion, we followed the methodology of a 
previous study (2) and defined “large fires” as the largest 10% of 
all fires within a given ecoregion, rather than applying a fixed 
threshold of fire size across all ecoregions. While both types of 
fires exhibited a similar skewed distribution with the majority 
of fires being of small size (Fig. S6), the total number of human- 
caused fires or large fires can differ considerably by up to a factor 
of 30 or 21, respectively, compared with lightning-caused fires 
within the same ecoregion (e.g. MC) (Fig. S7). To ensure data bal
ance for our binary classification (99, 100), we sampled the small
est fires caused by humans (lightning) (Fig. S7), equal to the 
number of the human-caused (lightning-caused) large fires in 
each ecoregion as “small fires.” While defining large and small 
fires is a common step for binary classification of fire sizes, the 
thresholds used to specify large and small fires can vary across 
different studies (2, 99, 100, 117–119). A single size threshold is 
unlikely to reflect the relatively high and low fire risk for all ecor
egions (2) since the magnitude of fire sizes varies notably by ecor
egions (Fig. S6), likely due to the ecoregion-specific characteristics 
of fuels, climate, and human effects (2). For example, setting a 
much higher (lower) threshold for large (small) fires may primar
ily include ecoregions with a greater number of large (small) fires. 
In contrast, the ecoregion-percentile-based thresholds consider 
the magnitude differences across space and the modeled VPD– 
fire relationship has a clear physical meaning that reflects the 
fire weather risk transition from high (i.e. using the top 10% lar
gest fires) to low (i.e. using its corresponding smallest fires) con
trolled by VPD in each ecoregion. To further explore the 
impacts of percentile cutoffs selected on inferred VPD thresholds, 
we compared the VPD thresholds derived using the 15 and 20% 
largest fires and their corresponding smallest fires, to those ob
tained with the 10% cutoff (see the Discussion section and 
Tables S5 and S6). Compared with more complicated multiclassi
fication and regression models (73, 74, 120–123), we acknowledge 
that our binary classification modeling scheme mainly repre
sents a small-to-large fire risk transition that does not explicitly 
reflect the risk of fires of all sizes.

We used the Bayesian hierarchical modeling framework imple
mented in the package of PyMC3 (124) to parameterize the models, 
which allows differences in parameters among ecoregions (i.e. αij 

and βij) while enabling “partial pooling” that shares the parameter 
distribution information across different fire events to improve es
timates (6, 125). The posterior solutions for the model parameters 
were inferred using the No-U-Turn Sampler (126), running four 
chains with 1,000 draws.

Defining flammable days and frequency of 
flammable days
For each grid cell, we defined a day as “flammable” if the daily 
VPD exceeded the VPD threshold (VPDt) for the ecoregion. We 
summed the number of flammable days per year as the fre
quency of flammable days for human- and lightning-ignited 
large fires, noted as Fhm and Fltn, respectively. For each grid 
cell, we detected and measured the linear trends in Fhm and 
Fltn during 1979–2020 using a combination of the Mann–Kendall 
test and the Theil–Sen slope estimator with temporal autocorrel
ation in each time series being removed through a variance 
correction approach (127, 128). We employed the Wilcoxon rank- 

sum tests (129) to investigate whether significant (P < 0.05) differ
ences existed between Fhm and Fltn and between their corre
sponding trends across grid cells.

Detection and attribution of trends
We deployed the optimal fingerprint method (37, 130) to detect 
and attribute the observed trends in Fhm and Fltn. The method con
siders the observed changes (Y ) to be a linear combination of re
sponses driven by external forcing-driven responses (Xi) and 
scaling factors (βi). It also accounts for internal climate noise (ε) 
within the observations as well as the sampling noise (εi) that 
arises from a limited ensemble of model simulations used to de
rive the forced response (37, 130):

Y =
􏽘n

i=1

βi(Xi − εi) + ε (4) 

In our study, Y represents the observed interannual anomalies 
of the number of flammable days, Xi refers to the ith forcing- 
driven response, and n is the number of forcings (signals). Our 
forcings included all natural and anthropogenic integrated forc
ings (ALL), NAT, anthropogenic GHG, and other anthropogenic 
forcings excluding GHG (OANT = ALL-NAT-GHG). First, we con
ducted one-signal (n = 1) regression to explore whether the sig
nal of ALL was detectable in the observations. Then, we 
conducted three-signal (n = 3) regression to detect and quantify 
relative contributions from GHG, OANT, and NAT to the ob
served trends. The internal climate noise (ε) and sampling noise 
(εi) were assumed to have the same covariance structure (36) and 
were estimated with unforced preindustrial model simulations 
as control (130).

Specifically, we employed the ROF (36) method to estimate the 
scaling factors in each regression. Different from the standard op
timal fingerprint method (37), the regularization that is added to 
estimate the covariance structure of internal climate variability 
avoids empirical truncation of orthogonal components for dimen
sion reduction, making it more objective and accurate (36). We se
lected all ESMs (nine in total, Table S7) in CMIP6 and DAMIP that 
provided daily RH and surface air temperature, which are re
quired for estimating VPD (Eq. 5) (131, 132). All the model data 
were regridded to the same spatial resolution (0.25°×0.25°), and 
we used time series of climate variables during 1979–2020 for at
tribution analysis. For each time series of anomalies, we derived 
the 2-year nonoverlapping means to shrink the covariance matrix 
size by reducing the temporal dimension (130, 133). Subsequently, 
preindustrial simulations (control experiments) were deployed to 
estimate the climate noise and two internal variability covariance 
matrices noted as C1 and C2 for optimizing the scaling factors and 
quantifying the uncertainty of the inferred scaling factors (36), 
respectively.

VPD = 0.611 × e
17.27T

(T+237.3) × 1 −
RH
100

􏼒 􏼓

(5) 

where VPD is the vapor pressure deficit (kPa), T is the surface air 
temperature (°C), and RH is the relative humidity.

To better represent the impacts of model uncertainty on the es
timate of climate noise, we employed a larger ensemble of pre
industrial control simulations (36) (19 ESMs in total, see 
Table S7). The control simulations for each selected ESM had daily 
RH and surface air temperature for >420 years. The regionally 
averaged 420-year time series of flammable days before 1850 
from the control simulations of each model were used for trend 
detection and attribution. For each time series, a 42-year 
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nonoverlapping window was used to divide the entire series into 
ten subseries. We divided those subseries for each ESM evenly to 
construct two covariance matrices, C1 and C2. C1 was employed 
to prewhiten or remove the autocorrelation in the time series of 
observations (i.e. Y) and forced responses (i.e. Xi) spanning 1979– 
2020; then, the prewhitened time series of Y and Xi were used to 
estimate the optimized scaling factors through the total least 
square approach (36, 37). C2 was utilized to estimate the CI of 
the scaling factors obtained from the previous step (36, 37). 
More details on the formulas of the ROF method can be found in 
the original works in prior publications (36, 37, 134). For a positive 
scaling factor, if its 90% CI is above 0, then the forced signal is de
tectable in observations at a 0.05 significant level (P < 0.05); if the 
CI contains 1, the forced response generally agreed well with the 
observations; if the CI is under (above) 1, the forced response is 
overestimated (underestimated) and will be scaled down (up) 
with its scaling factor for trend attribution (37, 130). Negative scal
ing factors and CI represent opposite signals in model simulations 
against observations.
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