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Calculation of the forest fire weather index.
The forest fire weather index (FWI) value is calculated by daily climate variables to estimate 
the risk of wildfire in forest. First, we need calculate three codes, including fine fuel moisture 
code (FFMC), duff moisture code (DMC), and drought code (DC). These three humidity codes 
indicate the average moisture content of litter and other cured fine fuels, loosely compacted 
organic layers, and deep compact organic layers, respectively, which are the indicator of the 
ignition potential of combustibles in forest (de Groot 1987).

Then, these codes are used to generate the initial spread index (ISI) and the buildup index 
(BUI), which are fire behavior indices indicating the potential rate of fire spread and fuel con-
sumption, respectively. Finally, the FWI indices is calculated by ISI and BUI. All of steps of 
the calculation of FWI values are shown in Fig. ES1. The Python code of the FWI calculation 
can be downloaded from GitHub (https://github.com/buckinha/pyfwi.blob/master/scripts/FWI.py).

We calculated all FWI system components based on daily observations from weather sta-
tions (see Fig. ES2) and model simulations from HadGEM-3A or CMIP6 models. Input climate 
variables include air temperature at solar noon, daily minimum relative humidity, wind 
speed, and precipitation. Note that, there is no noon observations for air temperatures. The 
noon air temperature is estimated by the daily maximum temperature based on the linear 
relationship between them (Williams et al. 2001). Additionally, there are many missing values 
in the daily observation of RHmin Therefore, we built a regression model between RHmin and 
daily mean humidity based on the station observations, thus deriving RHmin by daily mean 
humidity (Tian et al. 2014).

Fig. ES1. Map of land cover in the study region, the locations of weather 
stations and the forest fire points in Muli, Sichuan.
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Scaled GEV statistical model.
In this paper, we use historical data to esti-
mate the probability distribution of extreme 
events, which is not able to estimate accu-
rately the probability of extreme events under 
current climate state. To account for possible 
changes due to anthropogenic climate over 
time, we scale the distribution with the 5-yr 
smoothed FWI, a measure of the uniform FWI 
response to forcing. The generalized extreme 
value (GEV) function is represented by
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where µ is the location parameter, σ is the scale parameter and ε is the shape parameter of 
the GEV curve. First, we smoothed the time series of yearly FWI using a 5-yr moving average 
to reduce the disturbance of noise, which provided a measure of the effect of anthropogenic 
climate on the likelihood of local extreme FWIx3m. Second, based on the observations or his-
torical simulation with all forcings, we can estimate the probability for FWIx3m. Finally, we fit 
the probability of FWIx3m [F(x) in Eq. (ES1)] to the FWIx3m [x in Eq. (ES1)] and yearly FWI [FWI′ 
in Eq. (ES1)] and estimate the parameters (µ0, σ0, α, and ε) of Eq. (ES1) by the maximum likeli-
hood method. After a scaled GEV model has been computed, with yearly FWI as the covariate, 
we scale the parameters to year 2019 and estimate the probability of extreme FWIx3m events 
exceeding that in 2019 (Oldenborgh et al. 2016; van der Wiel et al. 2017; Zhou et al. 2018). The 
uncertainty is estimated by the 1,000-member nonparametric bootstrap.

Contribution of climate variables for extreme FWI.
The relationships between climate variables and FWI involve many complex physics pro-
cesses, and most of them are nonlinear. Therefore, it is difficult to use simple linear regres-
sion analysis to quantify the effects of climate variables on FWI changes. Here, based on the 
FWI system, we calculated FWI using the daily observation and climatology values (i.e., the 
monthly average during 1970–2010), respectively, of climate factors. The difference between 
the FWI values calculated based on observations and climatology values is used to quantify 
the respective effects and interaction effects of climate variables on FWI.

These variables have effects on FWI and there are significant interactions between them. 
To better evaluate those effects, we established a series of combinations of input variables 
based on the observation and climatology, and then the equation set is constructed accord-
ing to the difference of FWI obtained by various combinations of input variables. By solving 
the equation set, we can determinate every section of effects shown in Fig. ES3, thus the 
individual effect of each variable, the interaction effects among them, and their total effects 
on FWI can be quantified (see Fig. ES4).

Fig. ES2. Diagram of the components of the FWI system.
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Fig. ES3. (a) Lead–lag correlations between Niño 3.4 and FWIx3m during the period of 1960–2019. 
The red dashed line, pink dashed line, and blue dashed line indicate the 99%, 95%, and 90% con-
fidence levels, respectively. (b) Scatterplot and linear fit between Niño 3.4 and FWIx3m. Anomaly 
of Niño 3.4 denotes the 3-month average of the time series of Niño 3.4 Index.

Fig. ES4. The evaluation approach of effects of variables (e.g., Ta, P, RHmin, and WS) 
on the likelihood of extreme FWIx3m. e(x) denotes the effect of x factor (e.g., 
Ta, P, RHmin, and WS) on FWI; f(xi) denotes the model using xi as input to derive 
FWI; variables with the subscript "obs" denote the input data from observation; 
and variables with the subscript "clim" denote the input data from the climatol-
ogy. Additionally, we show the equations that calculate every contribution of 
individual variables.
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Fig. ES5. (a) Distributions of the return time of FWI estimated from CMIP6 for the all-forcings 
(ALL; red) during 2009–29 and natural-forcing-only (NAT; blue) simulations during 1960–2014. The 
best estimate is marked by the solid lines, and the thick black line is the 2019 extreme FWIx3m in 
over the study region. (b) GEV fits (color solid lines) for FWIx3m from 2009 to 2029 based on the 
CMIP6 simulations during El Niño years (red) and neutral years (blue) under ALL. The crosses are 
estimated from the empirical distributions of the simulated FWIx3m, with the black dashed line 
denoting the 2019 extreme FWIx3m. (c) As in (b), but for NAT during 1960–2014. (d) The fraction 
of attributable risk (FAR) and corresponding probability ratios (PR) calculated using different 
scenario combinations. The bars show the interquartile range (5th–95th percentiles), and the 
asterisks indicate the best estimates for the fraction of attributable risk.

Model Ensembles Grids
ALL  

El Niño
ALL  

neutral
NAT  

El Niño
NAT 

neutral

BCC-CSM2-MR r1i1p1f1, r2i1p1f1, r3i1p1f1 160 × 320 16 44 37 128

CESM2 r1i1p1f1, r2i1p1f1, r3i1p1f1 192 × 288 19 41 42 123

CNRM-CM6-1 r1i1p1f2, r2i1p1f2, r3i1p1f2 128 × 256 13 47 34 131

GFDL-ESM4 r1i1p1f1, r2i1p1f1, r3i1p1f1, 180 × 288 18 42 48 117

GISS-E2-1-G r1i1p1f1, r2i1p1f1, r3i1p1f1, 90 × 144 19 41 43 122

HadGEM-GC31-LL r1i1p1f3, r2i1p1f3, r3i1p1f3 144 × 192 14 46 36 129

IPSL-CM6A-LR r1i1p1f1, r2i1p1f1, r3i1p1f1, 143 × 144 21 39 49 116

MIROC6 r1i1p1f1, r2i1p1f1, r3i1p1f1 128 × 256 17 43 35 130

MRI-ESM2-0 r1i1p1f1, r3i1p1f1, r5i1p1f1 160 × 320 17 43 41 124

HadGEM3-A N216 rni1p1, n = 1, 2, 3, …, 15 432 × 324 240 585 240 585

Table ES1. Detailed information of the model simulations and sample size of different events.
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