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C L I M AT O L O G Y

The emerging human fingerprint on global extreme 
fire weather
Marco Turco1*†, Alberto Moreno1†, Ginés Garnés-Morales1, Miguel Ángel Torres-Vázquez2, 
Francesca Di Giuseppe3, Joaquín Bedia4, Sixto Herrera4,  
Antonello Provenzale5,6, John T. Abatzoglou7

Extreme fire weather (hot, dry, and windy conditions) has intensified globally, yet formally attributing this trend 
to anthropogenic climate change remains challenging. Here, we analyze global trends in extreme fire weather 
days (FWI95d, annual count of days with Fire Weather Index above the 95th percentile) over 1980–2023, using 
climate model ensembles, observational data, and fingerprint detection techniques. We find that the observed 
increase in extreme fire weather bears a clear externally forced signal, detectable at 99% confidence above natural 
variability and attributable to human-induced climate change. This emerging human-induced fingerprint on ex-
treme fire weather highlights a benchmark for climate science and underscores the urgency of integrating these 
insights into wildfire risk management and adaptation strategies.

INTRODUCTION
Wildland fires occur when an ignition—either natural or human—
concurrently interacts with continuous fuels under suitable weather 
conditions to sustain fire spread (1). Fire weather—defined by a 
combination of hot, dry, and windy conditions—influences ignition 
potential, fuel flammability, and fire spread (2, 3).

Given the sensitivity of fire activity to fire weather, understanding 
how climate change and variability affect these conditions is essential 
for gauging the required management efforts in an increasingly flam-
mable landscape, determining where and when such efforts are most 
needed, assessing their feasibility, and ultimately mitigating escalat-
ing wildfire hazard as part of effective risk assessment and adaptation 
strategies. Extreme fire weather conditions are closely linked to se-
vere wildfire events (4), which have increased markedly in both in-
tensity and frequency in recent years (5). For instance, Jones et al. (6) 
found that in one extratropical forest region, annual emissions tripled 
due to increasingly fire-favorable weather, further amplified by rising 
forest cover and productivity, contributing to a 60% increase in glob-
al carbon emissions from forest fires during 2001–2023.

In recent decades, extreme fire weather days have increased mark-
edly in frequency, duration, and geographic extent (7–11). Although 
anthropogenic climate change is widely believed to have amplified 
these hazardous conditions [see, e.g., (12)], formally attributing the 
observed changes to human influence remains challenging because 
natural climate variability substantially affects the meteorological 
drivers of the Fire Weather Index (FWI) (13). Natural variability plays 
a substantial role in shaping fire weather patterns across different 
regions and timescales [see, e.g., (14)]. Various modes of climate 
variability—such as the El Niño–Southern Oscillation (ENSO), Atlantic 

Multidecadal Oscillation, North Atlantic Oscillation (NAO), and 
Pacific Decadal Oscillation (PDO)—influence regional fire weather 
conditions (15–18) by modulating key factors including temperature, 
precipitation, wind speed, and relative humidity (RH) (19–22). These 
natural fluctuations can obscure with the anthropogenic signal, com-
plicating efforts to quantitatively determine the influence of human 
activities on fire weather patterns. Consequently, a formal attribution 
effort is crucial for establishing how much anthropogenic climate 
change and natural variability, respectively, contribute to the observed 
increases in FWI across different regions and timescales.

In this study, we address this gap by providing a global attribution 
of observed changes in the FWI, distinguishing internal variability 
from a response to external forcing in the FWI changes. Using cli-
mate models (23, 24), observation-based reanalysis datasets (25–27), 
and robust fingerprint detection methods (28, 29), we disentangle 
the external signal from natural variability in fire weather trends. 
Fingerprint detection leverages pattern information in observed 
changes to distinguish external influences from naturally occurring 
climate fluctuations.

By extending attribution techniques, traditionally applied to tem-
perature [see, e.g., (29–31)], and hydroclimatic variables [see, e.g., 
(32, 33)], to fire weather metrics, we present compelling evidence of a 
clear link between external influences and the escalation of dangerous 
fire weather. As discussed below, such external influences are most 
likely associated with human-induced climate change. These findings 
underscore the urgency of integrating this knowledge into global fire 
management strategies as well as climate adaptation frameworks.

RESULTS
Trend assessment
We begin by examining whether the HIST+245 simulations (histori-
cal simulations concatenated with SSP2-4.5 simulations) capture the 
main characteristics of observed FWI95d trend patterns. Demonstrat-
ing skill in reproducing these patterns strengthens confidence in the 
subsequent fingerprint analysis. Overall, the three datasets—ERA5, 
JRA55, and the Coupled Model Intercomparison Project Phase 6 
(CMIP6) ensemble mean (ENSMEAN)—show substantial agree-
ment on areas with rising extreme fire weather, although, as we will 
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see below, some local discrepancies exist (Fig. 1). This is supported 
by statistically significant, area-weighted spatially averaged Pearson 
correlations: ERA5 versus JRA55: 0.536 (P < 0.001), ERA5 versus 
ENSMEAN: 0.336 (P < 0.001), JRA55 versus ENSMEAN: 0.231 
(P < 0.001).

ERA5 exhibits near-global increases in FWI95d, with notable ex-
ceptions over India and parts of Southeast Asia where trends are 
negative. Both JRA55 and the CMIP6 ensemble mean broadly repro-
duce this pattern but with weaker slopes overall and more extensive 
areas of weak or negative trends (Fig. 1). Consistent with previous 
studies [e.g., (2, 7, 9)], both reanalysis products and the CMIP6 en-
semble mean highlight pronounced increases in the western United 
States—where recent severe wildfires, including those in the Los 
Angeles area in January 2025, are consistent with the escalating fire 
risk—along with southern and central Europe (34), Brazil, and parts 
of central and southern Africa. In contrast, a pronounced negative 
trend over India appears consistently in both reanalyses and the sim-
ulations. Linear trends were computed using ordinary least squares 
regression, in line with standard practice in detection and attribution 
studies [e.g., (29)]. As a robustness check, we also tested the Theil-
Sen estimator and found negligible differences in the spatial patterns 
and magnitudes of the trends (fig. S1).

Despite broad agreement on large-scale trends, regional varia-
tions become apparent. In central-southern Africa, for example, no-
table discrepancies emerge between the JRA55 and ERA5 datasets 
in terms of both trend magnitude and direction. This divergence is 
attributable to the well-known challenges that reanalyses face in ac-
curately representing tropical climates (35, 36), where high variabil-
ity in convective rainfall and limited observational data contribute 
to these differences (37). These issues highlight the importance of 
carefully evaluating and comparing multiple datasets when examin-
ing FWI trends, particularly in tropical regions where individual 
reanalyses may differ markedly.

A similar contrast emerges when comparing the ensemble mean 
with individual reanalysis datasets. The ensemble mean, by averaging 
multiple realizations, smooths out internal variability and emphasizes 

the externally forced climate signals. In contrast, observations capture 
only a single realization of internal variability overlaid on the exter-
nally forced trend, making observed patterns inherently noisier. Indi-
vidual climate model simulations, unlike the ensemble mean, can 
replicate similar levels of variability (see figs. S3 and S4). Despite these 
nuances, the consistent large-scale fire weather trends across datasets 
justify proceeding with the fingerprint analysis presented in the fol-
lowing sections.

Fingerprint analysis
Following (28, 29), we test whether model-derived fingerprints of ex-
ternal forcing can be statistically identified in observed FWI95d data. 
The basic idea is to detect externally forced changes by reducing the 
influence of internal climate variability. This approach assumes the 
internal climatic variability (i) to be uncorrelated across multiple 
model realizations and (ii) to be stationary, with statistical properties 
constant over time. In such conditions, the expected response to ex-
ternal forcing is estimated by averaging over many forced simula-
tions, and the fingerprint is then defined as the leading empirical 
orthogonal function (EOF) of the FWI95d multimodel mean. This 
approach effectively minimizes the impact of internal variability, al-
lowing the externally forced response to stand out.

Along these lines, we first define the fingerprint as the leading 
EOF1 of the multimodel mean FWI95d anomalies from CMIP6 
HIST+245 simulations over 1980–2023 (Fig. 2A). This fingerprint 
reflects the dominant spatial pattern of changes, similar to what is 
shown in Fig. 1, and explains 43% of the total variance, representing 
the dominant spatial pattern of externally forced changes in extreme 
fire weather. The principal component time series associated with 
EOF1 is shown in fig. S2. It displays a clear upward trend over 1980–
2023, indicating an increasing amplitude of the dominant finger-
print pattern over time.

To account for internal variability, we also derived a separate 
EOF1 from 3143 years of concatenated preindustrial control simula-
tions (Fig. 2B), accounting for 5.9% of the total variance. This pattern 
represents the dominant mode of natural internal climate variability 
in FWI95d in the absence of external forcing, bearing a strong resem-
blance to an ENSO-like pattern (see fig. S5). Notably, the second EOF 
from the CMIP6 HIST+245 simulations closely mirrors the piCon-
trol EOF1 (see fig. S6).

The next step is to determine whether the similarity between the 
HIST+245 fingerprint and the observed FWI95d patterns increases 
over time and whether this increase is statistically significant relative to 
random fluctuations driven by internal climate variability. To this end, 
we compared the HIST+245 fingerprint with the FWI95d patterns de-
rived from (i) reanalysis data and (ii) model control runs, respectively 
yielding the “signal” and “noise” time series. The ratio of these two 
[“signal-to-noise” (S/N)] quantifies the detectability of externally forced 
trends (Fig. 3). We also replaced the reanalysis data with individual 
HIST+245 model realizations (“model-only” results) to compare how 
the fingerprint emerges in modeled versus observed datasets.

The reanalyses (ERA5 and JRA55) exhibit a steadily increasing 
S/N ratio over time, reaching values of approximately 3 to 7, above 
the 99% confidence detection threshold (≈2.3). Among these, ERA5 
shows the strongest and most persistent signal, with JRA55 follow-
ing a similar trajectory but surpassing the detection threshold only 
later. The model-only curves (gray lines) display comparable S/N 
ranges (about 2 to 4), indicating that the strength and time evolution 
of the fingerprint is similar in models and reanalysis data. ERA5 

Fig. 1. Global trends in extreme fire weather conditions (FWI95d). Trends in the 
total annual number of days exceeding the 95th percentile of the FWI (FWI95d) 
from 1980 to 2023. The panels display results from different sources: (A) ERA5 re-
analysis, (B) JRA55 reanalysis, and (C) a multimodel ensemble mean derived from 
climate models incorporating external forcing. Regions with infrequent fire activity 
have been excluded.
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shows higher S/N ratios than any individual global climate model 
(GCM), particularly after the early 2000s (Fig. 3A). This elevated 
S/N ratio arises primarily from the relatively strong global mean 
trends in ERA5 FWI95d (Fig. 1A), which exceed those simulated 
by most GCMs (figs. S3 and S4). Several factors could explain this 
discrepancy. First, ERA5 may exhibit systematic biases in certain 
regions—for example, overly warm, dry, or windy conditions in parts 
of Africa and the tropics, where observational constraints are weak-
er and the reanalysis relies more heavily on model outputs (38). Sec-
ond, GCMs might underestimate the magnitude of observed trends 
in extreme fire weather, potentially due to coarse spatial resolution 
or incomplete representation of, for instance, land-atmosphere in-
teractions or cloud processes (39, 40). Third, models may not fully 
capture the observed evolution of large-scale climate variability pat-
terns, such as the PDO (41), which has been linked to warming and 
drying trends in highly fire-prone regions like the western United 
States (42). These factors likely contribute in a combined way, high-
lighting the complexity of accurately representing regional extremes 
in both reanalyses and models.

To assess whether detection is driven primarily by changes in the 
global mean rather than by true spatial pattern similarity, we compute 
the S/N ratio with and without removing the global mean from the 
model and observational datasets at each time step. This approach 
helps identify the spatial pattern of change independent of its overall 
magnitude. In general, removing the global mean yields slightly lower 
S/N values. For example, ERA5 barely reaches 3, and JRA55 is simi-
larly reduced. Nevertheless, S/N values remain above the detection 
threshold, indicating that the detection does not rely solely on global 
mean trends but also reflects spatial pattern coherence. The model-
only results again align well with reanalysis-based S/N, highlighting 
the consistency of externally forced signals across data sources.

Following (43), we also removed regions where approximations 
of daily FWI—based on mean temperature, RH, wind speed, and 
precipitation—failed to capture noon-specific trends. Even with these 
regions excluded, external influence on extreme fire weather trends 
remains detectable (fig. S7).

Overall, these results show that the fingerprint of external forc-
ing in the increasing extreme fire weather (FWI95d) is both robust 

Fig. 2. First EOF1 of FWI95d anomalies. (A) Leading EOF1 of the multimodel mean changes in FWI95d anomalies from HIST+245 simulations over 1980–2023, referred 
to as the “fingerprint.” (B) Leading EOF1 of concatenated preindustrial control simulations.

Mean included 

ERA5 JRA55 GCM Detection threshold (1%)

Mean removedA B

Last year trend since 1980Last year trend since 1980

0
2

4
6

S
/N

 r
at

io

1990 1995 2000 2005 2010 2015 2020

0
1

2
3

4

S
/N

 r
at

io

1990 1995 2000 2005 2010 2015 2020

Fig. 3. S/N ratio trends for FWI95d (1980–2023) in reanalyses and GCMs. Temporal evolution of the S/N ratio for trends in the annual number of extreme fire weather 
days (FWI95d) derived from reanalyses (ERA5 and JRA55) and GCMs under HIST+245 simulations. S/N ratios were calculated by comparing the observed and modeled 
trends to the internal climate variability. The red dashed line represents the 1% detection threshold, above which the detection of externally forced changes is considered 
to be statistically robust. (A) S/N ratios calculated using the raw FWI95d trend patterns, where each grid point includes the contribution from the global mean (i.e., spatial 
average ⟨FWI95d(t)⟩ is retained in each year t). (B) Results for the “mean removed” case, where the global mean FWI95d time series ⟨FWI95d(t)⟩ is subtracted from each 
grid point/year. Note that the two panels use different vertical scales to enhance readability.
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and statistically distinguishable from internal variability. The ob-
served changes cannot be explained solely by natural fluctuations; 
rather, they reflect the substantial role of external drivers in shaping 
global fire weather extremes changes.

DISCUSSION
Wildfire activity is closely linked to weather conditions, with com-
pound extremes—such as simultaneous heatwaves, droughts, and 
strong winds—accelerating fuel drying and fire spread. In recent 
years, record-breaking wildfire seasons have affected regions includ-
ing the western United States, the Mediterranean, the Amazon, and 
Australia (4, 9, 44). Catastrophic events such as the 2025 and 2020 
California wildfires, the 2023 Canadian fire season, and the 2020 
Australian Black Summer are consistent with this escalating risk.

Most attribution studies have focused primarily on temperature 
and precipitation extremes or on linking fire activity—such as burned 
area and fire typologies—to anthropogenic warming at regional scales 
(45–47). These studies generally confirm that human-induced climate 
change intensified fire weather conditions and increased the likeli-
hood or severity of extreme fire behavior. However, drawing definitive 
global-scale conclusions remains challenging due to methodological 
differences and a lack of consistent analyses of multivariate fire weath-
er metrics like the FWI. While fingerprint analyses have been success-
fully applied to other climate factors, this work represents one of the 
first attempts to use such an approach for global fire weather.

In this study, we address this gap using FWI-based fingerprint de-
tection methods that integrate multiple datasets—including reanalyses 
and CMIP6 multimodel simulations—to identify and quantify external 
influences on the observed changes in fire weather. We use the FWI to 
assess changes in meteorological conditions conducive to high or ex-
treme synchronous fire danger. Because climate change directly affects 
fire weather, our method isolates its effects without the confounding 
influences that affect realized fires (e.g., ignitions, fuel characteristics, 
and suppression), which are not represented in the FWI formulation. 
Our findings reveal a distinct external driving signal in the observed 
escalation of extreme fire weather (FWI95d) worldwide, with key 
hotspots in western North America, southern and central Europe, 
Brazil, and parts of Africa. Although the Sixth Assessment Report of the 
Intergovernmental Panel on Climate Change (IPCC) (48) assigned 
only medium confidence to human-induced increases in fire weather 
in certain regions, based on the limited literature available at that time, 
our global-scale analysis provides updated evidence that supports a 
higher confidence in attributing these trends to external forcing.

In the approach followed here, we cannot directly identify an-
thropogenic effects; rather, we distinguish the internal climatic vari-
ability from external forcing effects. In the absence of any other 
obvious increasing external influence, the detected external forced 
change is presumably associated with anthropogenic forcings. One 
possible problem could emerge if the internal variability had oscilla-
tions with long temporal periods, say much longer than the observa-
tion window, and all oscillations were in the same phase in the 
different model runs analyzed here. For example, this could happen 
if the climatic variability were driven by an increasing or decreasing 
solar forcing or volcanic activity. However, major volcanic eruptions 
such as El Chichón (1982) and Pinatubo (1991) produce only short-
term, transient cooling signals, and there is no evidence of persistent 
trends in volcanic or solar activity over the past century that could 
explain the detected signal [see, e.g., (29, 31)]. Another option would 

be that all model runs were on the same path to a tipping point or 
emerging from the same climatic instability. In this case, a slow inter-
nal variation could be erroneously ascribed to the action of external 
forcing. However, it is not clear why the phases of such long-term 
oscillations should be the same across the ensemble of different mod-
el realizations. Under such conditions, we can safely associate the ex-
ternal forcing with the impact of human activities on global climate.

Future studies could further refine our understanding by sepa-
rating the contributions of different anthropogenic drivers. Anthro-
pogenic forcing includes increases in greenhouse gases (GHGs), 
aerosol emissions, and land use or land cover changes, all of which 
may have distinct effects on fire weather conditions. For instance, 
GHGs tend to raise surface temperatures, thereby enhancing fire 
weather, while aerosols may locally offset warming or affect humid-
ity and cloud formation. Land use changes can also influence fuel 
availability and surface energy fluxes. Disentangling these individu-
al contributions could be pursued using single-forcing simulations 
from the Detection and Attribution Model Intercomparison Project 
(24), such as the hist-GHG (which includes only historical GHG 
forcing) and hist-aer (which includes only anthropogenic aerosol 
forcing) experiments, thereby enabling a more detailed attribution 
of observed fire weather trends.

The strength of our analysis lies in enhancing the S/N ratio. First, 
by simultaneously considering changes across multiple regions—such 
as the northwestern United States, southern Europe, Australia, and 
parts of Africa and Asia—we increase the robustness of the signal, as 
it is highly unlikely that internal variability alone could produce con-
sistent trends in such geographically and climatologically distinct re-
gions. Second, using spatial patterns allows us to minimize the impact 
of internal climate variability modes (such as ENSO and NAO), which 
can induce contrasting FWI changes in different regions at the same 
time. By incorporating multiple regions with diverse sensitivities to 
such variability, the fingerprint method averages out these effects, 
helping to isolate the component of change that is due to external 
forcing. This rationale aligns with previous detection studies using 
spatial fingerprints [see, e.g., (30)] and reinforces our finding that de-
tection remains robust even when the global mean trend is removed.

Much of the S/N in our analysis arises from the “mean included” 
case [i.e., when including ⟨FWI95d(t)⟩, the spatially averaged FWI95d 
for each year], reflecting the broad contribution of global-scale warm-
ing. However, we show that detection remains robust even when the 
global mean is removed. This indicates that the spatial fingerprint 
contains additional signals beyond simple warming. Regions such 
as western North America, southern and central Europe, eastern 
Australia, and parts of South America and Africa exhibit pronounced 
positive trends in FWI95d. In contrast, India and parts of South Asia 
show negative trends, a pattern consistent across models and reanaly-
ses. These features can be understood through the physical drivers of 
fire weather. While FWI generally increases with rising temperature, 
it is also highly sensitive to RH, which exhibits more complex and 
regionally heterogeneous trends. For instance, declining dew point 
temperatures in semiarid regions (e.g., the western US, Brazil, and 
southern Africa) amplify RH declines, thereby enhancing FWI trends 
(7, 43). Conversely, regions such as India may experience FWI de-
creases due to increased atmospheric moisture, potentially related to 
large-scale circulation changes, aerosol-cloud interactions, or local 
irrigation practices. While the exact mechanisms remain under inves-
tigation, this “warming hole” over India has been discussed in recent 
literature [see, e.g., (49)].
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To sum up, these physically interpretable features underscore the 
added value of spatial fingerprinting. Our positive detection results 
are unaffected by reanalysis choice (ERA5 or JRA55), by the remov-
al of global mean changes, or by the exclusion of regions where 
daily approximations distort noon-based FWI estimates.

Of course, climate forcing is only part of the story; human ac-
tivities also shape fire regimes through ignition practices, land use 
changes, and suppression efforts (2). Nonetheless, our results con-
firm that external climate forcing, likely associated with anthropo-
genic GHG emissions, has intensified fire danger by altering key 
climate variables, suggesting that if fuel availability and ignition pat-
terns remain relatively unchanged, an increase in FWI will likely 
translate into an increase in fire activity.

From a policy standpoint, these findings underscore the urgent 
need for targeted adaptation and mitigation strategies. Enhanced 
wildfire management, expanded early warning systems, and strength-
ened community resilience can help reduce immediate risks. Our 
detection of an externally driven signal in FWI95d trends reinforces 
the importance of sustained mitigation—especially rapid reductions 
in GHG emissions—to limit the future escalation of fire danger. Such 
combined efforts aim to achieve a balanced coexistence with fire, ac-
knowledging its ecological role while mitigating the growing threats 
posed by a warmer, drier climate.

MATERIALS AND METHODS
FWI calculation
The FWI (13) is widely used to assess how climate and weather con-
ditions influence wildfire spread once ignited. It combines precipita-
tion, air temperature, RH, and wind speed to estimate fire danger 
(27). Although originally developed for Canadian forests, the FWI is 
now applied worldwide for both operational and research purposes 
(2, 9, 27, 50, 51). The FWI has been shown to track both interannual 
burned area variability and extreme fire events across diverse eco-
systems (4, 9, 52).

Accurate FWI estimates require subdaily meteorological data, but 
these data are frequently limited by short observation periods, incom-
plete spatial coverage, and quality issues. Reanalysis datasets, pro-
duced by assimilating observations into atmospheric models, offer a 
continuous and spatially homogeneous alternative (53). Still, uncer-
tainties in assimilated data and model limitations can affect FWI esti-
mates (54–56). Despite these shortcomings, many recent studies use 
reanalysis products to track historical FWI trends [e.g., (2, 6, 7, 9), 
particularly the Copernicus Emergency Management Service FWI 
dataset (27) based on ERA5 (25)].

A further challenge is that the FWI was designed to estimate peak 
fire danger in the midafternoon (typically around 16:00), using me-
teorological inputs recorded at local noon, specifically 2-m tempera-
ture, 2-m humidity, 24-hour accumulated precipitation, and 10-m 
wind speed. This timing was chosen because, in boreal regions, weath-
er conditions at local noon have been shown to correlate strongly 
with fine fuel moisture and fire activity observed later in the day (13). 
Such noon-specific data are often absent from observational records 
and publicly available climate model outputs [e.g., from the Earth 
System Grid Federation (57)], prompting reliance on approximations 
that minimize trend distortion (58–60). On the other hand, the use of 
daily mean aggregated inputs has been discouraged for scenario esti-
mation due to its deleterious effect on FWI trends and other FWI-
derived indices often applied to characterize hazardous situations 

(61). Despite these findings, more recent studies suggest that daily 
mean inputs (e.g., daily mean temperature) may provide reasonable 
estimates of FWI95d, the yearly count of days above the local 95th per-
centile of daily FWI, yielding the least biased approximation among a 
set of input proxy versions (43).

In light of these findings, we calculate the FWI with daily means 
as a necessary simplification. In addition, to better assess the obser-
vational uncertainty associated with the underlying datasets, we used 
two state-of-the-art reanalyses, ERA5 and JRA55. We also tested 
whether removing regions with large noon versus daily discrepancies 
[as identified by Matteo et al. (43)] altered the results. For modeled 
data, we distinguished internal climate variability (from preindustrial 
control “piControl” runs) from externally forced changes (from his-
torical plus SSP2-4.5 simulations). Combining these two forcing pe-
riods (HIST+245) facilitates comparisons between simulations and 
observations over the full 44-year window (1980–2023). All model 
outputs originated from the CMIP6.

We calculated the FWI using the fireDanger R package [v1.1.0; 
(62–64)]. To address the limitations posed by the absence of sub-
daily meteorological data in the climate models used here, we used 
daily approximations for calculating the FWI. Specifically, we used a 
combination of daily mean values for temperature, RH, wind speed, 
and 24-hour accumulated precipitation. This approach was chosen 
on the basis of prior findings (43), which identified daily mean val-
ues as the least biased alternative for approximating FWI trends cal-
culated with noon-specific data (27). In addition, we accounted for 
potential biases by testing the results both with and without the in-
clusion of areas where these approximations do not preserve the 
noon-specific trends (see Fig. 3 and fig. S7). Following the method-
ology of (9), we calculated the annual number of days (FWI95d) on 
which the FWI exceeds the 95th percentile of all daily observations 
during the baseline period, computed separately for each grid cell. 
The baseline period covers 1980–2023 for both observations and 
HIST+245 simulations and the past 449 years for the control runs.

Reanalysis and CMIP6 climate simulations
We used the ERA5 reanalysis dataset (25), based on the model IFS 
Cy41r2 used in the European Centre for Medium Range Weather 
Forecasts operational medium-range forecasting system (~31 km), 
and the JRA55 reanalysis dataset (26), based on the Japan Meteoro-
logical Agency (JMA) global spectral model (~55 km), to derive daily 
mean values of the required input variables—2-m temperature, 2-m 
RH, 10-m wind speed, and 24-hour accumulated precipitation—as 
detailed in (43). The analysis period spans from 1980 to 2023. Al-
though FWI was initially calculated for the full period of 1979–2023 
for ERA5 and JRA55, data from 1979 were excluded to avoid spin-
up biases due to initialization of fuel moisture codes (see the Supple-
mentary Materials for more details on FWI calculation). While both 
ERA5 and JRA-55 technically provide data for years before 1979 
(26, 35), only from 1979 onward do they assimilate satellite obser-
vations. This marks a major improvement in the spatial and tem-
poral coverage of assimilated data and reduces the risk of artificial 
discontinuities. Therefore, to ensure a consistent and homogeneous 
analysis, we start in 1980.

For our climate simulations, we used 10 models from CMIP6 
(23) that provide the necessary daily mean input variables (tables S1 
to S3). The models and runs included were selected on the basis of 
their availability in the Earth System Grid Federation (ESGF) infra-
structure at the beginning of our analysis (early 2024), ensuring that 
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all required experiments (historical, SSP2-4.5, and piControl) and 
variables (daily tas, hurs, sfcWind, and pr) were accessible without 
relevant ESGF download issues. The study focuses on three types of 
numerical experiments:

1) Historical experiments (1979–2014): Simulate the influence of 
both human and natural external forcings on the climate system.

2) Future experiments based on the SSP2-4.5 pathway (2015–
2023): Represent moderate changes in external forcings.

3) Preindustrial control simulations: Represent a climate with no 
changes in external forcings.

Following CMIP6 guidelines (24), we concatenated historical 
simulations with SSP2-4.5 simulations to create continuous datasets 
over the full observed FWI period, referring to these combined sim-
ulations as HIST+245. From 86 simulations across the 10 models 
(table S1), we calculated daily FWI values for the period 1980–2023, 
excluding the first year (1979) to mitigate spin-up effects.

The preindustrial control simulations have a maximum temporal 
coverage of 450 years among the models considered. To ensure consis-
tency, we used the past 450 years of each model’s control run, exclud-
ing the first year to avoid spin-up biases. This approach provided a total 
of 4490 (10 × 449) years of concatenated control run data for analysis. 
Climate simulations were accessed via the User Data Gateway of the 
Santander MetGroup (https://meteo.unican.es/udg-tap/home).

The subset of models selected spans a broad range of climate sen-
sitivities, as represented by their Equilibrium Climate Sensitivity 
(ECS) values. Using ECS values from (65), our subset is representa-
tive of the broader CMIP6 ECS range:

1) Percentiles (all CMIP6 models): 10th = 2.52, median = 3.76, 
90th = 5.34

2) Percentiles (models used in this study): 10th  =  2.60, medi-
an = 3.73, 90th = 5.20

This selection process also highlights a critical limitation within 
CMIP6: Many models were excluded because one or more required 
variables or experiments were unavailable. This underscores the im-
portance, particularly for CMIP7, of providing essential variables 
such as temperature, humidity, wind speed, and precipitation at 
daily (or ideally hourly) resolution across all core experiments (his-
torical, SSP scenarios, and piControl) to facilitate comprehensive 
detection and attribution analyses.

Grid
To ensure consistency across datasets, all input variables were bilin-
early remapped to a standardized 1°  by  1° grid, as defined in the 
IPCC Sixth Assessment Report (66). This step may, in principle, re-
duce the consistency among variables when interpolated separately. 
However, such upscaling of the reanalysis data is necessary to enable 
fair comparisons between these data and climate models, which typi-
cally operate at coarser resolutions. Moreover, in a previous study 
(43), we specifically tested the impact of the remapping strategy on 
FWI trends: We compared two approaches—(i) computing FWI at 
0.25° resolution and then remapping it to 1° and (ii) remapping the 
input variables to 1° before computing FWI—and found negligible 
differences between the resulting FWI trends. This confirms that the 
chosen approach does not introduce substantial artifacts for long-
term trend analysis.

Subsequently, we masked areas with infrequent fire activity. Fol-
lowing the approach of (60), we applied a mask based on the European 
Space Agency Climate Change Initiative land cover dataset from 
2016 (67). Grid cells with >80% bare areas, water, snow/ice, or sparse 

vegetation are excluded as areas with infrequent burning. The mask is 
available at (68).

Fingerprint analysis
Detection methods often require an estimate of the true but un-
known climate change signal resulting from individual or combined 
forcings (28), commonly referred to as the fingerprint F(x). Full 
methodological details can be found in (29).

The fingerprint can be defined in various ways. In our approach, 
we define F(x) as the first EOF of the multimodel mean change in 
FWI95d from the HIST+245 simulations.

Let S(i, j, x, t) represent the annual FWI95d at grid point x and 
time t, obtained from the ith realization of the jth model’s HIST+245 
simulation, where:

1) i = 1, ..., Nr(j) (the number of realizations for the jth model).
2) j = 1, ..., Nm (the total number of models used in fingerprint 

estimation).
3) x = 1, ..., Nx (the total number of grid points).
4) t = 1, ..., Nt (the number of years).
In this context:
1) Nr ranges from 1 to 40 ensemble members.
2) Nm = 7 models.
3) On the common 1° by 1° latitude/longitude grid, there are 

Nx = 13,264 unmasked land grid points.
4) Nt = 44 years.
We calculated the multimodel mean change <<S(x,t)>> by first 

averaging (<>) over the ensemble realizations for each model’s 
HIST+245 simulations (where multiple realizations were available) 
and then averaging across all models. The double angular brackets 
denote these two averaging steps. Anomalies at each grid point x 
and time t were then defined relative to the local climatological an-
nual mean. The fingerprint F(x) is subsequently defined as the first 
EOF of these anomalies in <<S(x,t)>>.

To determine whether the pattern similarity between time-varying 
observations and F(x) exhibits a statistically significant increase over 
time, we rely on control run estimates of internally generated variability. 
These control runs provide a baseline in which the fingerprint is absent 
except by chance. We derive variability estimates from control runs per-
formed with multiple models, yielding a total of 4490 years of concat-
enated data. Anomalies are calculated relative to the climatological 
annual means over the full 449-year length of each model’s control run. 
To avoid biases in S/N estimates, drift, defined as the linear trend over 
the full control simulation, is removed by approximating it as a least-
squares linear trend and subtracting it at each grid point. This correction 
is consistently applied across the entire 449-year period of each model.

Observed temperature data for FWI95d are expressed as anoma-
lies relative to climatological means over 1980–2023. These anoma-
lies are projected onto the time-invariant fingerprint F(x), as follows

Here, O(x, t) represents the observed annual mean or annual cycle 
amplitude data, while F(x) denotes the fingerprint. This projection is 
equivalent to the spatially uncentered covariance between O(x, t) and 
F(x) at each year t. The resulting signal time series Zo(t) reflects the 
strength of the fingerprint in the observations. If observed temperature 
patterns increasingly resemble F(x), Zo(t) will exhibit a positive trend 
over time.

zo(t) =

Nx
∑

x=1

0(x, t)F(x), t = 1, … , 44 (1)
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To evaluate the significance of this trend, we replace O(x, t) with 
the concatenated noise dataset C(x, t), constructed from the outputs 
of model control simulations. The noise time series Nc(t) is defined as

We estimate S/N ratios by fitting least-squares linear trends of 
length L years to Zo(t) and comparing these trends to the SD of 
overlapping L-year trends in Nc(t). Signal detection occurs when the 
trend in Zo(t) consistently exceeds a specified significance level (e.g., 
1%). This test is one-tailed, assuming a Gaussian distribution of 
trends in Nc(t).

The start date for trend fitting is 1980, the first complete year of 
observational data. We use a minimum trend length of 10 years, 
making the first S/N ratio and earliest detection possible for 10-year 
trends ending in 1989.

Last, we emphasize that all model and observational temperature 
data used in the fingerprint analysis are appropriately area weighted. 
This weighting is achieved by multiplying the data by the square 
root of the cosine of the latitude at each grid node. However, for vi-
sual representation purposes in the figure’s maps, the EOFs are dis-
played without weighting.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S7
Tables S1 to S3
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