Supporting information
A. Fire prediction methods – a review
As shown in Table S1, there are three main approaches for the prediction of wildfire.
Among them, regression is the most widely used, with the goal of deriving a relationship
between fire parameters (e.g., area burned or probability) and meteorological,
hydrological, and geographic variables. Different forms of regression have been adopted,
such as stepwise (Flannigan et al., 2005; McCoy and Burn, 2005; Amiro et al., 2009;
Spracklen et al., 2009), exponential (Drever et al., 2009), and logistic regression
(Krawchuk et al., 2009b; Westerling et al., 2011) as well as Multivariate Adaptive
Regression Spline (MARS) (Balshi et al., 2009). The regression approach usually has a
reasonable predictive capability, with R2 ranging from 0.3 to 0.8. It is numerically
efficient because it usually employs monthly or seasonal variables averaged over a large
spatial scale (e.g., Flannigan et al., 2005; Littell et al., 2009). Obtaining satisfactory fits
(or correlations) usually requires aggregating area burned data into large ecoregions (e.g.,
Flannigan et al., 2005; Amiro et al., 2009; Spracklen et al., 2009), smoothing the
meteorological data (e.g., Littell et al., 2009; Rasilla et al., 2010), or adopting a series of
complex multiplicative relationships (e.g., Drever et al., 2009; Westerling et al., 2011).
The regression methods also have significant limitations. For the stepwise regression
method, which selects predictors based on their correlations with the predictand, the more
potential predictors used, the more robust the fit. However, an increase in the number of
terms may also result in some terms closely correlating with each other. Such collinearity
not only makes it difficult to isolate contributions from individual factors (Moritz et al.,
2012), but also may result in mathematical instability in future projections (Philippi,
1993). Another limitation is that a change in the length of the time series or use of a
different meteorological dataset may lead to a different order of terms in the regression fit
(e.g. Littell et al., 2009), causing very different projections using meteorological output
from a GCM. Other regression methods, such as MARS or a probabilistic approach, may
avoid collinearity among predictors, but have their own limitations. For example, the
MARS technique can develop good regression fits on small spatial scales, but
interpretation of these fits may be challenging due to the complicated functional forms
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for the predictor variables and the large number of functions. The probabilistic method
has good potential for predicting fire frequency; however, transforming the calculated
frequency to area burned requires making many assumptions (Westerling et al., 2011).
Parameterizations or process-based fire models adopt uniform functions for all grid
cells in a model or region (e.g. Cardoso et al., 2003; Arora and Boer, 2005; Crevoisier et
al., 2007; Pechony and Shindell, 2009). The parameterization usually employs nonlinear
relations between fire and environmental variables, in contrast to regression methods that
often assume linear responses. However, most previous parameterizations have proven
difficult to evaluate, especially on a global scale, in part due to a paucity of observations.
For example, Kloster et al. (2010) used two satellite products to evaluate simulations of
area burned, but noted that there are large discrepancies between the two products,
making validation difficult on a global scale. In addition, the prediction of area burned is
especially challenging for parameterizations. Some models capture reasonable patterns of
fire probability or fire occurrence, but show large biases for area burned (e.g., Crevoisier
et al., 2007). Also, the constants in some of the parameterization functions are determined
a posteriori based on empirical or statistical fits, which limits their application to regions
where observed fire data are available (e.g., Crevoisier et al., 2007).
Both the regression method and the parameterizations neglect the effects of wildfires
on the biosphere, as well as the impact of climate change on vegetation type and extent.
DGVMs may address these shortcomings by dynamically simulating fire activity (e.g.,
Kloster et al., 2010; Thonicke et al., 2010). DGVM projections of fire activity allow for
the feedbacks among climate, biosphere and fires and can be used to quantify the
contributions of different factors to trends in fire activity (Kloster et al., 2012). However,
the fire schemes implemented in DGVMs are relatively simple compared to other
elements of these models (Krawchuk et al., 2009a). In addition, vegetation type simulated
in DGVMs show large inter-model variability on both regional and global scales
(Bachelet et al., 2003; Purves and Pacala, 2008), and the simulated fire patterns can show
large biases over North America (Kelley et al., 2012). DGVMs are computationally
expensive, so that driving a DGVM with output from an array of GCMs would be a large
undertaking.
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Clearly, different approaches have their strengths and weaknesses. We choose to
apply both a regression and a parameterization method to depict the response of area
burned to the changing climate. These two approaches have contrasting advantages, and
their application helps to quantify the uncertainties in the fire projections. Use of a
DGVM is not practical for this work since our goal is to develop efficient methods to
quantify both the magnitude and uncertainty of fire activity in 15 climate models.
B. Canadian Fire Weather Index system
The Canadian Fire Weather Index system (CFWIS, Van Wagner, 1987) calculates
seven fire indexes that characterize the impact of temperature, fuel moisture, and wind
speed on fire behavior (http://cwfis.cfs.nrcan.gc.ca/background/summary/fwi). The Fine
Fuel Moisture Code (FFMC), Duff Moisture Code (DMC), and Drought Code (DC)
indicate moisture levels for litter fuels, loosely compacted organic layers of moderate
depth, and deep organic layers. The Initial Spread Index (ISI), Build-up Index (BUI), and
Fire Weather Index (FWI) represent the rate of fire spread, fuel availability, and fire
intensity. These indexes are calculated from the three fuel moisture codes and their values
rise as the fire danger increases. The Daily Severity Rating (DSR) is an exponential
function of the FWI, indicating the difficulty in controlling fires. These fire indexes were
used as potential predictors in previous regression studies (e.g. Flannigan et al., 2005;
Amiro et al., 2009). There are other fire index systems, such as U.S. National Forest Fire
Danger Rating System, which also provide quantification of fire-weather relationships.
However, these systems require hourly meteorological data as input (National Wildfire
Coordinating Group, 2005), which are not available in either the site-based observations
or the climate model output used in this study.
To calculate CFWIS indexes, we use daily data from the Global Surface Summary of
the Day (GSOD, http://www.ncdc.noaa.gov/cgi-bin/res40.pl?page=gsod.html), which
provides 18 daily surface meteorological elements for over 1600 stations in the western
U.S. We select a given station if at least two-thirds of its records are available between
1978 and 2004, resulting in 234 sites distributed fairly evenly over western U.S. We use
the daily mean and maximum temperature, dew point temperature, precipitation, and
mean wind speed, and we calculate daily mean relative humidity (RH) from the daily
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mean temperature and dew point temperature. The above variables are binned into
ecoregions after the elevation correction described in Spracklen et al. (2009).
C. Additional evaluations of regressions
To quantify the stability of our regressions, we apply “leave-one-out” crossvalidation, which estimates regression coefficients based on all the data except for one
point and makes a prediction for that point each round. The R2 from the cross-validation
remains as high as 0.46-0.49 in two forest ecoregions but shows a low value of 0.13 in
California Coastal Shrub. Observations show that extreme events dominate the total area
burned over a period of several years (Fig. 3). Fire models, however, tend to have
difficulty capturing these extreme events (Bachelet et al., 2005; Crevoisier et al., 2007;
Balshi et al., 2009; Spracklen et al., 2009; Westerling et al., 2011), possibly because they
omit some nonlinear responses. For example, Westerling et al. (2011) underestimated
area burned for the 1988 Yellowstone fire by 60%, even though they obtained a very
good estimate (R2= 0.83) of fire occurrence in a given year based on several assumptions
in their regressions. To test the model representation of extreme fire events, we examine
the model predictions for the top three large fire years in each ecoregion. The regressions
underestimate area burned by 20-60% for these extreme years. In the two forest
ecoregions, area burned during extreme years is underestimated by 20-40%.
D. Additional evaluations of the parameterization
Fig. S1 compares the modeled spatial pattern of the annual mean area burned to
observations. The parameterization reproduces the large values in the Pacific Northwest,
Nevada Mountains /Semi-desert, and California Coastal Shrub ecoregions, but
underestimates area burned by 80% in central Idaho, a region with abundant fuel loads.
The area burned in grasslands, such as eastern Colorado, Wyoming, and eastern Montana,
is overestimated by 70%. The spatial correlation coefficient between the parameterization
and observation is low, 0.33 for 331 grid points, because of these deficiencies.
Fig. S2 compares the simulated seasonality of area burned with observations in each
ecoregion. The prediction reproduces the seasonality in the Desert Southwest, Nevada
Mountains/Semi-desert, Rocky Mountains Forest, and Eastern Rocky Mountains/Great
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Plains, mainly because area burned in these regions follows the seasonality of
temperature, relative humidity, and precipitation. The parameterization overestimates the
area burned in September in the Pacific Northwest but fails to capture the October peak
in the California Costal Shrub region, where the Santa Ana winds enhance wildfire
activity (Schroeder et al., 1964).
E. Evaluations of present-day prediction with GCM meteorology
For the regressions, the median GCM-driven result matches the observed area burned
within ±11%, except for the Rocky Mountains Forest where area burned is overestimated
by 45% (Table 3). For the western United States, area burned is overestimated by 16%.
There is a relatively small spread in the ratio of predicted to observed area burned for the
GCM results for Desert Southwest and Nevada Mountains /Semi-desert, but a large
spread for the Rocky Mountains Forest (Fig. S3a). Since the mean meteorological fields
from the GCMs have been scaled with mean observations, the spread in the predictions is
larger in ecoregions for which the leading term in the regression is one of the fire weather
indexes (Table 1).
For the parameterization, there is also good agreement with observed area burned for
median GCM results, with the largest discrepancy in Eastern Rocky Mountains/Great
Plains, where this method underestimates area burned by 24% (Table 4). The spread of
the predictions with the parameterization (Fig. S3b) is generally larger than that with the
regression method because of the exponential relationship between area burned and
meteorological variables. The predictions exhibit a large spread in the Pacific Northwest
and Rocky Mountains Forest, with two models as outliers (Fig. S3b). These models
predict extreme weather conditions (e.g., very low relative humidity and/or high
temperature) for some days, leading to very high values for area burned.
F. Ensemble projection of future climate change
Fig. S4 shows projected median changes in key meteorological fields, calculated from
the 15 climate models under the A1B scenario. Median temperatures over the western
United States increase by 2.0°C in winter and by 2.4°C in summer by midcentury,
relative to the present day. In winter, precipitation increases by 0.2 mm day-1 at latitudes
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poleward of 40°N, and by 0.4 mm day-1 in the Pacific Northwest. This result is consistent
with the projected weakening of the meridional temperature gradient, which leads to a
poleward shift of mid-latitude storm tracks and precipitation (Yin, 2005). In particular, an
intensified Aleutian Low in the 2050s atmosphere strengthens storm tracks in winter and
increases moisture transport to mid-to-high latitudes (Salathe, 2006). A decline in
precipitation in western U.S. in JJA and the southern U.S. in DJF is consistent with a
poleward expansion of the subtropical subsiding branch of the Hadley circulation in the
future atmosphere (Hu et al., 2007; Lu et al., 2007). In summer, the GCMs project a
median decrease of 0.06 mm day-1 in precipitation (Fig. S4d). Specific humidity increases
by 0.3 g kg-1 in winter and 0.8 g kg-1 in summer, at least in part because of the higher
temperatures. However, the annual mean relative humidity decreases by 1% over the
western United States.
The predicted changes in summer mean temperature, precipitation, and relative
humidity for the climate models are shown in Fig. S5. In all ecoregions, median
temperatures increase at least by 2 °C. Although there is a large spread among models,
the change in temperature is significant (p <0.05). The median values of precipitation
decrease by ~0.1 mm day-1 in the Pacific Northwest, Nevada Mountains/ Semi-desert,
and Rocky Mountains Forest, but show little change elsewhere. Median relative humidity
decreases by 0.6-0.8% over the western U.S., except in California Coastal Shrub
ecoregion where the median increases by 0.4%.
G. Estimate of future fuel consumption
We explored whether changes in vegetation would affect fuel consumption on a time
scale of 50 years using the Lund-Potsdam-Jena (LPJ) DGVM (Prentice et al., 2000; Sitch
et al., 2003). This model simulates the changes in vegetation type in response to changes
in climate and CO2 on a global scale. Monthly meteorological anomalies, including
temperature, precipitation, and cloud fraction from the GISS GCM3 were used to drive
the LPJ model at resolution of 1°×1° for 1980-2050 (Wu et al., 2012). The averages
during 1990-2000 are used for the present day and those for 2040-2050 for midcentury.
The LPJ DGVM does not simulate fuel consumption, although it calculates the total
carbon in plants and soil. The model simulates six different vegetation types over western
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U.S. and C3 perennial grass is the most dominant one (Table S2). We build a regression
between the six vegetation cover fractions from LPJ DGVM and the fuel consumption
from FCCS on the basis of grid boxes. We use the regression coefficient as the
consumption value for each kind of plant. As Table S2 shows, two types of needleleaved
trees cover only 21% of the land surface but account for over 60% of the total fuel
consumption at present day. On the other hand, the carbon consumption from grassland
accounts for less than 3% of present-day values.
With the estimated coefficients and the projected changes in cover fraction (Table
S2), we found little change (<0.1%) in fuel consumption averaged over the western U.S.
by the midcentury. Our results are consistent with those from Zhang et al. (2010), who
investigated the response of FCCS fuel load in the southern United States to future
climate and found small changes by midcentury. However, meteorological changes and
increasing CO2 levels could together lead to large regional changes in fuel consumption.
The LPJ model projects some desert amelioration in southwestern area, consistent with
Bachelet et al. (2001). For this project, we assume that fuel consumption throughout the
western U.S. remains constant, an approach that likely leads to an underestimate of future
fire emissions in populous regions such as the southern California. Calculation of a
detailed ecosystem response to the future climate generated by the full array of CMIP3
models is, however, beyond the scope of the current project.
H. Gridded area burned from the projections
The regressions provide the total area burned during the fire season, while the
parameterization provides gridded area burned (1º×1º) on a daily scale. As noted in
section D of this SI, the predicted spatial pattern does not match that observed very well
at the grid box level, and this translates into errors in biomass burned. The
parameterization performs better on the scale of ecoregions (Fig. 5), so we sum the 1º×1º
grids within each ecosystem, and then disaggregate them as described below for use in
the CTM.
We spatially allocate area burned within each ecoregion with a random approach,
building on the work in Spracklen et al. (2009). For the regressions, we first convert the
median values of the predicted annual area burned (Table 3) to monthly values using the
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observed seasonality during 1980-2004 in each ecoregion, assuming that the seasonality
does not change from present day to midcentury. For the parameterization, we calculate
the monthly total area burned over each ecoregion based on the daily gridded predictions
from each GCM, and use these to derive the ensemble medians. Spracklen et al. (2009)
showed that for all ecoregions, 70% of area burned occurs in 5-25% of the grid boxes in
the ecoregion (Fig. 7 in Spracklen et al. (2009)) and therefore placed 70% of the
predicted area burned randomly in 10% of grid cells in each ecoregion.
However, the observed area burned is not randomly distributed over the ecosystems
within each ecoregion, as shown in Table S3. We distribute the area burned according to
the present-day fractions among the ecosystems, and distribute them randomly within
each sub-unit. For California Coastal Shrub and Nevada Mountains /Semi-desert
ecoregions where the parameterization has no predictive capability, we simply apply
present-day area burned to the calculation of future biomass burned. These ecoregions
account for only 14% of the total biomass consumption over the western United States
(Table 6). As a result, using constant, present-day emissions there should not greatly
affect our predictions. The random method minimizes the possibility of reburning in grid
squares. To evaluate the potential error in assuming no reburning, we conduct the same
sensitivity test as in Spracklen et al. (2009): we assume no regrowth of vegetation after a
fire and reset fuels to zero. Using the future area burned predicted by the
parameterization, we calculate 22% less fuel burned in this extreme case than in the case
with constant fuel load for 2046-2055 over 50 years.
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Table S1 Studies projecting future area burned in North America
Fire model

Region

Scenario and period

# GCMs

Projected
changes

Reference

Regression

Canada

2×CO2 vs. 1×CO2

3

+ 40%

Flannigan
and
Wagner (1991)

Regression

USA

2×CO2 vs. 1×CO2

1

+ 78%

Price and Rind (1994)

DGVM a

USA

1995-2100 vs. 1895-1994

2

+ 4-31%

Bachelet et al. (2003)

Regression

Western Canada

3×CO2 (2080-2100) vs. 1×CO2
(1975-1990)

1

+ 14-137%

de Groot et al. (2003)

Parameterization

USA
(northern
California)

2×CO2 vs. 1×CO2

1

+ 50%

Fried et al. (2004)

DGVM

USA (Alaska)

2050-2100 vs. 1950-2000

2

+ 17-39%

Bachelet et al. (2005)

Regression

Canada

3×CO2 (2080-2099) vs. 1×CO2
(1959-1997)

2

+ 74-118%

Flannigan et al. (2005)

Regression

Canada (Yukon)

Multiple scenarios
at 2040-2069 vs. 1961-1990

8

+ 33% (mean)
+ 227 (max)

McCoy and Burn (2005)

Parameterization

Canada (Alberta)

2×CO2 (2040-2049)or 3×CO2
(2080-2089) vs. 1×CO2

1

+ 13% or 29%

Tymstra et al. (2007)

DGVM

USA (California)

2050-2099 vs. 1895-2003

2

+ 9-15%

Lenihan et al. (2008)

Regression

Canada

2×CO2 or 3×CO2 vs. 1×CO2

1

+ 34% or 93%

Amiro et al. (2009)

Regression

Alaska and west
Canada

A2 and B2 scenarios
at 2041-2050 vs. 1991-2000

1

+ 100%

Balshi et al. (2009)

Regression

Canada (Quebec)

A1B, A2, B1, and B2 scenarios
at 2100 vs. 1959-1999

2

+ 20-700%

Drever et al. (2009)

Regression

Canada (Alberta)

2×CO2 (2040-2049) or 3×CO2
(2080-2089) vs. 1×CO2

1

+ 90%
160%

Regression

Western USA

A1B scenario
at 2046-2055 vs. 1996-2005

1

+ 54%

Spracklen et al. (2009)

DGVM

USA
(Pacific
Northwest)

A2 scenario
at 2070-2099 vs. 1971-2000

3

+ 76-310%

Rogers et al. (2011)

Regression

USA
(Yellowstone)

A2 scenario
At 2035-2064 vs. 1961-1990

3

+ 230-900%

Westerling et al. (2011)

a

DGVM: Dynamic Global Vegetation Model
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or

Van

Krawchuk et al. (2009b)

Table S2 Simulated changes in the vegetation cover fraction by LPJ DGVM

Vegetation types in LPJ DGVM

Estimated Fuel Cover fraction (%)
Consumption a
2000
2050
(Kg DM m-2)

Temperate needleleaved evergreen tree

6.46

6.7

7.7

Temperate broadleaved evergreen tree

2.98

2.7

3.3

Temperate broadleaved summergreen tree

1.84

17.5

22.9

Boreal needleleaved evergreen tree

3.75

14.4

10.6

Boreal summergreen tree

2.3

8.0

6.2

C3 perennial grass

0.1

38.3

41.0

a

Estimated as the coefficients cn in regression
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∑c F
n

n ,i

= Ti , where Fn,i is the cover

n =1

fraction for vegetation type n on grid i and Ti is the FCCS fuel consumption (including
live and dead fuels) on the same grid.
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Table S3 Area and area burned fraction of each Bailey ecosystem a to the corresponding
aggregated ecoregion b during 1980-2004.
Ecoregions

Area
Area burned
Frac (%) Frac (%)

Ecoregions

Pacific Northwest

Area
Area burned
Frac (%) Frac (%)

Nevada /Semi-desert

242

8

0

341

38

36

m242

42

33

m341

14

10

m261

50

67

342

48

54

Cal. Coastal Shrub

Rocky Mnts Forest

262

29

16

m331

46

24

m262

41

68

m332

36

59

261

30

16

m333

18

17

Desert Southwest

Great Plains

322

31

34

331

79

98

321

21

20

315

21

2

m313

19

24

313

29

22

a

Refer to http://www.fs.fed.us/rm/ecoregions/products/ for the spatial distribution of
each Bailey ecosystem in western United States.
b
Refer to Fig. 2 in Spracklen et al. (2009) for the relations between Bailey ecosystems
and the aggregated ecoregions.
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Fig. S1. Log10 of annual mean (a) observed and (b) simulated area burned (ha) averaged
from 1980 to 2004. The simulated result is from the parameterization.
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burned (104 ha) in each ecoregion. Simulations are from the parameterization. Each point
represents the monthly mean for 1980-2004.
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Fig. S4. Median changes in seasonal mean meteorological fields from 15 climate models
following the A1B scenario for 2046-2065, relative to present-day (20C3M, 1981-2000)
over western U.S. The left panels are for winter, the right panels for summer, with
temperature, precipitation and relative humidity from top to bottom.
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(a) JJA Temperature Changes

(b) JJA Precipitation Changes
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Fig. S5. Projected changes in (a) temperature, (b) precipitation, and (c) relative humidity
for six ecoregions in summer by midcentury for 15 climate models. The ecoregions are:
PNW, Pacific Northwest; CCS, California Coastal Shrub; DSW, Desert Southwest; NMS,
Nevada Mountains /Semi-desert; RMF, Rocky Mountains Forest; ERM, Eastern Rocky
Mountains /Great Plains. Different symbols are used for each model. The short bold lines
are the median values.
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