Received: 23 March 2018

|

Revised: 29 June 2018

|

Accepted: 13 July 2018

DOI: 10.1111/gcb.14405

PRIMARY RESEARCH ARTICLE

Global patterns of interannual climate–fire relationships
John T. Abatzoglou1

| A. Park Williams2 | Luigi Boschetti3 | Maria Zubkova3 | Crystal

A. Kolden4
1
Department of Geography, University of
Idaho, Moscow, Idaho,
2

Lamont‐Doherty Earth Observatory of
Columbia University, New York, New York,

3

Department of Natural Resources and
Society, University of Idaho, Moscow,
Idaho,
4

Department of Forest, Range and Fire
Sciences, University of Idaho, Moscow,
Idaho,
Correspondence
John T. Abatzoglou, Department of
Geography, University of Idaho, 875
Perimeter Dr., Moscow, ID 83844.
Email: jabatzoglou@uidaho.edu
Funding information
National Aeronautics and Space
Administration, Grant/Award Number: 16MAP 16-0081, NNX14AI68G,
NNX14AP70A; National Science Foundation,
Grant/Award Number: DMS-1520873

Abstract
Climate shapes geographic and seasonal patterns in global fire activity by mediating
vegetation composition, productivity, and desiccation in conjunction with land‐use
and anthropogenic factors. Yet, the degree to which climate variability affects interannual variability in burned area across Earth is less understood. Two decades of
satellite‐derived burned area records across forested and nonforested areas were
used to examine global interannual climate–fire relationships at ecoregion scales.
Measures of fuel aridity exhibited strong positive correlations with forested burned
area, with weaker relationships in climatologically drier regions. By contrast, cumulative precipitation antecedent to the fire season exhibited positive correlations to
nonforested burned area, with stronger relationships in climatologically drier regions.
Climate variability explained roughly one‐third of the interannual variability in
burned area across global ecoregions. These results highlight the importance of climate variability in enabling fire activity globally, but also identify regions where
anthropogenic and other influences may facilitate weaker relationships. Empirical fire
modeling efforts can complement process‐based global fire models to elucidate how
fire activity is likely to change amidst complex interactions among climatic, vegetation, and human factors.
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(Field et al., 2016; Kasischke & Turetsky, 2006; Turetsky et al.,

1 | INTRODUCTION

2015; Westerling, 2016) has brought international attention to
Fire is an integral component of global ecosystems and the broader

improve efforts of fire monitoring, modeling, and prediction across

Earth System through its influence on the terrestrial carbon cycle

scales (Williams & Abatzoglou, 2016).

(Bond & Keeley, 2005; Bowman et al., 2009). Fire is both a natural

An array of biophysical and anthropogenic factors influence fire

disturbance process prevalent across most land surfaces and an

activity. Fire requires sufficient biomass, flammability, and ignition

anthropogenic disturbance process with regular ignitions from

sources (Bradstock, 2010; Krawchuk, Moritz, Parisien, Van Dorn, &

humans, particularly in pastoral and agricultural areas where it is

Hayhoe, 2009). These factors often provide constraints on fire activ-

often used as a tool (Cochrane, 2003). Fire can also be a hazard to

ity both spatially (Krawchuk et al., 2009) and temporally (Abatzoglou

some ecosystem services, the built environment, as well as human

& Kolden, 2013; Littell, Peterson, Riley, Liu, & Luce, 2016), with the

health (Johnston et al., 2012; Reid et al., 2016) as evidenced by

influence of individual factors varying across vegetation productivity

recent extreme fire events associated with extensive loss of human

gradients (Krawchuk & Moritz, 2011; Pausas & Bradstock, 2006;

life (Boer et al., 2017; Bowman et al., 2017; Cruz et al., 2012).

Pausas & Ribeiro, 2013). The influence of anthropogenic activities,

Increased fire activity in portions of the globe in recent decades

including
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land‐use
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modification,

human

ignitions,

and
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suppression, further complicates the influence of purely biophysical

and methods, impairing the ability to compare climate–fire relation-

drivers of fire activity (Andela et al., 2017; Balch et al., 2017; Bisti-

ships geographically across the planet.

nas, Harrison, Prentice, & Pereira, 2014; Marlon et al., 2012; Parisien

While regional fire datasets can span more than a century, global

et al., 2016). Anthropogenic activity can both dampen (e.g., Marlon

burned area datasets are temporally limited by the availability of

et al., 2012) and magnify (e.g., additional biomass burning during

remotely sensed data. For example, the widely used Global Fire

droughts, Randerson et al., 2005) biophysical drivers and enablers of

Emissions Database (GFED, van Der Werf et al., 2017) covers 1997

fire (Taylor, Trouet, Skinner, & Stephens, 2016). The dynamic nature

to present. The maturation of such global fire datasets allows us to

of weather and climate relative to other factors implicates atmo-

begin exploring how interannual variability in climate shapes fire

spheric processes as the predominant macroscale driver of temporal

activity across terrestrial land surfaces. This study specifically exami-

variability in fire activity (e.g., Aldersley, Murray, & Cornell, 2011).

nes the strength and direction of relationships between interannual

Regional studies have shown that climate variability explains a

variability in burned area and climate at ecoregion scales across the

majority of the interannual variability in burned area in some regions,

globe for forested and nonforested areas, and how such relation-

but less in others (Archibald, Nickless, Govender, Scholes, & Lehsten,

ships vary across gradients of climate, productivity, anthropogenic

2010; Jolly et al., 2015; Urbieta et al., 2015). However, such analy-

land use, and tree density. We additionally ask how much of the

ses have been limited geographically, leading to a gap in understand-

interannual variability in fire activity globally over the last two dec-

ing of how climate variability affects fire variability across terrestrial

ades was shaped by climate variability and identify regions where cli-

systems globally. The impacts of climate variability on both episodic

mate variability exerts a strong influence on burned area.

fire events and longer‐term fire trends have received increased
attention in recent years due to observed changes in fire activity
(Andela et al., 2017; Turco et al., 2016; Westerling, 2016). Efforts to
better understand how climate factors contributed to observed
changes (Abatzoglou & Williams, 2016; Holz et al., 2017) and how

2 | MATERIALS AND METHODS
2.1 | Datasets

fire activity will change in the coming decades in response to cli-

The advent of monitoring fire globally using remotely sensed data

matic and nonclimatic drivers (Knorr, Jiang, & Arneth, 2016; Moritz

has provided an opportunity to develop active fire (Giglio, Descloi-

et al., 2012; Pechony & Shindell, 2010) are essential to refine esti-

tres, Justice, & Kaufman, 2003) and burned area datasets (Giglio,

mates of changes in biogeochemical cycling, vegetation composition,

Loboda, Roy, Quayle, & Justice, 2009; Roy, Boschetti, Justice, & Ju,

and fire‐related hazards.

2008). Satellite‐derived fire data provide systematic macroscale

Empirical approaches have been developed to better understand

information used to estimate fire emissions, inform ecosystem and

how climate contributes to fire activity. Pyrogeographic approaches

land management, conduct fire hazard analysis, and perform fire

that exploit geographic variability in time‐invariant factors, including

model benchmarking (Hantson et al., 2016). Such data are not with-

long‐term climate averages, are an effective tool for understanding

out their caveats. For example, the relatively short period of record

spatial variation in fire regimes (Krawchuk & Moritz, 2014; Parisien

of spaceborne sensors may be inadequate for capturing information

et al., 2012; Parks et al., 2015). However, such approaches often

in small regions with long fire‐return intervals (e.g., Krawchuk &

omit the influence of climate variability. An alternative approach

Moritz, 2014), may omit fire detection in persistently cloudy regions

focuses on exploiting temporal variability in regional fire activity as it

(Giglio, Randerson, & Werf, 2013), and may not capture fine‐scale

relates to top‐down climate drivers, while omitting bottom‐up con-

information due to relatively coarse spatial resolution (Boschetti,

trols. Numerous regional studies have explored such climate–fire

Flasse, & Brivio, 2004; Kolden, Lutz, Key, Kane, & van Wagtendonk,

relationships using multidecadal fire records acquired from a variety

2012).

of sources, including regional fire atlases, remotely sensed datasets,

We used the monthly

GFED

version 4.0 dataset (GFED4).

GFED4

pro-

and dendrochronology records. Most studies characterize climate–

vides estimates of global fire activity at 0.25° resolution from 1997

fire relationships along a continuum, ranging from flammability‐lim-

through 2016 by combining calibrated active fire counts for the

ited regimes in mesic regions, where fuel aridity coincides with

1997–2000 period with burned area detections from 2000 onwards

enhanced fire activity (Abatzoglou & Williams, 2016; Barbero, Abat-

(Giglio et al., 2013). Monthly burned area for land‐cover classes

zoglou, Steel, & Larkin, 2014; Urbieta et al., 2015), to fuel‐limited

mapped by the MODIS Global Land Cover Product (MCD12; Friedl

regimes in semiarid regions, where pluvial conditions enhance the

et al., 2010) was aggregated to two classes that compromised >95%

production of biomass that enhances fire activity in subsequent sea-

of all global burned area: (a) forested areas and (b) nonforested areas

sons (e.g., van der Werf, Randerson, Giglio, Gobron, & Dolman,

that include grasslands, shrublands and savanna. Note that burned

2008; Bradstock, 2010). The strength of such climate–fire relation-

area in this context includes wildfires, prescribed fires, and land‐use

ships varies across this continuum (McKenzie & Littell, 2017; Pausas

fires (e.g., pastoral burning). We excluded burned area in cropland

& Paula, 2012) consistent with the concept that vegetation produc-

land‐cover classes. While fires in croplands can represent a large

tivity and fuel availability serve as key limiting factors for fire (Brad-

fraction of burned area in some regions, cropland fires are often

stock, 2010). However, these studies have primarily been conducted

small and challenging to unambiguously map from satellite data,

for subregions of the globe using different datasets, time periods,

often occur outside of the primary fire season following harvest,
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exhibit less interannual variability than noncropland burned area, and

commonality in vegetation assemblages through which climate–fire

are subject to fluctuations in cropping choices, policies, and agricul-

relationships are mediated (Littell, McKenzie, Peterson, & Westerling,

tural practices (Hall, Loboda, Giglio, & McCarty, 2016; Korontzi,

2009; Pausas & Ribeiro, 2013). All gridded datasets were aggregated

McCarty, Loboda, Kumar, & Justice, 2006; McCarty, Korontzi, Jus-

using a simple summation (GFED4) or arithmetic average (other data)

tice, & Loboda, 2009). Given known temporal data issues in the

of voxels within the boundaries of each of the 815 ecoregions.

GFED4

data (e.g., changes in satellite data source, van Der Werf et al.,

Finally, we excluded burned area in ecoregions where the land cover

2017), we provided supplemental climate–fire analysis using the lat-

(forest or nonforest) comprised less than 20% of the ecoregion (e.g.,

est Collection 6 MODIS Burned Area Product (MDC64A1) from

forest burned area was omitted if forest land cover <20%) or if the

2002 to 2016 (Giglio, Boschetti, Humber, & Justice, 2018) as supple-

ecoregion contributed to <0.001% of the global burned area for the

mental figures.

vegetation class. These criteria reduced the number of ecoregions to

Climate datasets were acquired from the European Centre for

389 and 216 for forested and nonforested burned area, respectively.

Medium‐Range Weather Forecast global reanalysis (ERA‐Interim) at

The areas considered in the analysis accounted for approximately

0.75° resolution, except for precipitation, for which we used the

90% of the burned area globally. A total of 306 ecoregions only con-

Multi‐Source Weighted‐Ensemble Precipitation (MSWEP) data from

tributed forested burned area for analysis, 133 ecoregions only con-

Beck, Dijk, et al. (2017) at 0.5° resolution. Precipitation data were

tributed nonforested burned area, and 83 ecoregions contributed

interpolated to the grid resolution of ERA‐Interim. We calculated

burned area for both land‐cover classes. Note that we do not define

monthly accumulated precipitation (P), mean vapor pressure deficit

an ecoregion as forest or nonforest, but rather only discern burned

(VPD), and mean Penman–Monteith reference evapotranspiration

area of land‐cover types within an ecoregion.

(ETo). Monthly P and ETo data were used to run a simple water bal-

Both the seasonality and duration of fire activity vary globally

ance model (e.g., Willmott, Rowe, & Mintz, 1985; Dobrowski et al.,

due to climatic and human factors (Jolly et al., 2015; Knorr, Kamin-

2013) that accounts for soil and snowpack water storage and tracks

ski, Arneth, & Weber, 2014). We isolated the fire season in each

both water usage through actual evapotranspiration (AET) and cli-

ecoregion following the concepts of Archibald, Lehmann, Gómez‐

matic water deficit (CWD), defined as the difference between ETo

Dans, and Bradstock (2013) who defined the fire season as the cal-

and AET. Finally, following Bowman et al. (2017), we used daily max-

endar months of the year that contain >80% of the burned area.

imum temperature, wind speed, and minimum relative humidity from

However, we further constrained this to be defined as the minimum

ERA‐Interim along with daily accumulated precipitation from

number of consecutive months that contain >80% of the burned

MSWEP to calculate the daily Fire Weather Index (FWI) using the

area. These ecoregion‐specific fire seasons were used exclusively to

Canadian Forest Fire Danger Rating System.

isolate seasonal windows for climatic analysis. We quantified the

We additionally incorporated ancillary geospatial data layers to

annual total burned area for each ecoregion as the sum of

GFED4

explore potential factors that contribute to differences in the

monthly burned areas from March‐February, adopting the fire year

strength of climate–fire relationships across ecoregions and across

definition proposed by Boschetti and Roy (2008), corresponding with

gradients. These data include (a) the human footprint index (Wildlife

the global nadir in fire activity. Figure 1 shows fire characteristics in

Conservation Society ‐ WCS, and Center for International Earth

terms of annual average fraction of vegetation burned and fire sea-

Science Information Network ‐ CIESIN ‐ Columbia University, 2005),

sonality for global ecoregions.

which expresses the relative influence of anthropogenic pressure on

Interannual climate–fire relationships were explored using Pear-

global land accounting for factors such as population density, land

son’s correlation between climate metrics and the base‐10 logarithm

use, and accessibility, all of which have noted impacts on fire activity

of fire‐year burned area. We constrained our analysis to climate data

(Bowman et al., 2009); (b) tree density (Crowther et al., 2015); (c)

covering three temporal periods to facilitate a comparison across

mean annual net primary productivity (NPP) from the MODIS

global ecoregions: one period concurrent to the fire season and two

MOD17 Global Vegetation Production Product (Running et al.,

periods prior to the fire season. Concurrent relationships used cli-

2004); and (d) a annual average lightning density (Cecil, Buechler, &

mate data averaged over the months of the fire season including a

Blakeslee, 2014).

1‐month buffer leading into the fire season (e.g., average of daily
FWI beginning one month prior to the fire season through the end

2.2 | Methods

of the fire season). Antecedent relationships were constrained to
precipitation. We considered 12‐month accumulated precipitation

Previous efforts have examined climate–fire relationships at the

over two antecedent periods, one ending 2 months prior to the

native resolution of gridded global fire datasets (Andela et al., 2017;

onset of the fire season, and the other ending 14 months prior to

Bedia et al., 2015). However, the influence of top‐down climate dri-

the onset of the fire season. Previous research has shown that pre-

vers on fire activity at smaller spatial scales is complicated by bot-

cipitation during the previous 1–2 growing seasons influences bio-

tom‐up drivers, including vegetation and anthropogenic factors, as

mass production and subsequent fire activity (Archibald, Roy,

well as the stochastic nature of fire and ignitions. We used global

Wilgen, Brian, & Scholes, 2009; Swetnam & Betancourt, 1998), but

ecoregions (Olson et al., 2001) as our spatial unit of analysis follow-

we acknowledge that this effect applies to other time scales (e.g.,

ing previous studies, as ecoregions attempt to account for

Andela et al., 2017). A 2‐month buffer prior to the fire season was
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F I G U R E 1 Average ecoregion burned area fraction per year from 1997 to 2016 for (a) forests, and (b) nonforests. The duration of the fire
season (in months) is shown in panel (c) and ending month of the fire season shown in panel (d). Grayed out are ecoregions that comprised
<0.001% of either forest or nonforested burned area or where land cover was <20% forest or nonforest. Maps are provided in an Eckert IV
equal‐area projection
used to avoid conflating antecedent conditions with those that

were developed specifically for interannual climate–fire correlations

directly influence fuel moisture during the fire season. Statistically

with CWD concurrent to the fire season—a proxy for fuel availabil-

significant correlations were identified as p < 0.05.

ity controls on fire activity, and correlations with precipitation 14–

We examined the degree to which interannual climate–fire correlations varied across gradients of several time‐invariant characteris-

25 months prior to the fire season—a proxy for fuel accumulation
controls on fire activity.

tics: NPP, HFI, tree density, and mean annual lightning frequency,

Finally, simple linear models leveraging these interannual climate–

and mean annual CWD. This was facilitated using bivariate general-

fire relationships were developed to gain a first‐order estimate of the

ized additive models (GAM, R Core Team, 2017; Wood & Wood,

degree to which climate variability shapes patterns of global fire activ-

2017) between correlations and each of the aforementioned vari-

ity. We opted to use linear models over more complex model forms

ables. GAMs allow response curves to use nonparametric smoothed

due to their ease of interpretation, as well as to avoid overfitting with

functions rather than a predetermined (e.g., linear) relationship

nonlinear models given the small population size of our data. Four

between response variable and predictor, thus enabling added flexi-

models were developed for each ecoregion and vegetation type. Each

bility for exploring nonlinear relationships. GAMs are often devel-

model used one antecedent precipitation time period and one concur-

oped using several explanatory variables where the model consists

rent measure of fuel aridity (CWD, FWI). Notably, we did not find that

of the summation of values from response curves from individual

alternative measures of concurrent fuel dryness (e.g., VPD, precipita-

variables (Krawchuk et al., 2009), but have also been used in

tion during the fire season) contributed to substantial additional

exploratory bivariate data analysis to resolve nonlinear relationships

explained variance. The model that maximized the explained variance

(e.g., Pausas & Ribeiro, 2013).

of base‐10 logarithm of annual burned area was selected. We chose

We exclusively used bivariate GAMs to help elucidate how cli-

to use parsimonious models that restrict the selection of predictors to

mate–fire correlations varied across gradients of individual landscape

a compact set that have shown utility in previous studies but

characteristics. We did not use GAMs in their traditional multivariate

acknowledge that additional climatic and nonclimatic predictors could

model‐building sense given the collinearity across predictors. GAMs

be used in a more sophisticated modeling effort.

ABATZOGLOU
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approximately 14% of the interecoregion variability in CWD‐fire correlations for the two vegetation classes. Similar patterns were seen

3.1 | Global climate–fire correlations

with NPP (not shown). CWD‐burned area correlations were increasingly positive with increased tree density up to around 30,000 trees/

Climate–fire correlations exhibited distinct biogeographical patterns
across the globe (Figure 2). Strong positive correlations between
measures of fire–season fuel aridity (CWD and FWI) and forest
burned area were seen for a majority (52% and 51%, respectively) of
the 389 ecoregions, particularly in boreal forests as well as tropical
forests in southeast Asia and South America. Significant positive correlations with aridity were also seen across forests in temperate
ecosystems including the American West, southeastern Europe, and
southern Australia. These patterns are consistent with, but somewhat weaker, than those obtained using the shorter MODIS fire
record (Supporting Information Figure S1). Significant negative correlations between burned area in forests and precipitation during the
fire season were found in 35% of ecoregions, while significant positive correlations to VPD during the fire season were seen in 42% of

km2. By contrast, positive CWD‐burned area correlations weakened
in forests with higher anthropogenic influences, whereas no effect
was seen for nonforests. No significant patterns were seen with
mean lightning frequency (not shown).
Positive correlations between antecedent precipitation and nonforest burned area strengthened in ecoregions with higher climatological CWD. These relationships were also realized with NPP (not
shown), with productivity‐limited regions showing stronger positive
correlations with antecedent precipitation characteristic of water‐limited, fuel‐limited fire regimes. Antecedent precipitation‐burned area
relationships in nonforest environments also showed a tendency for
stronger positive correlations in ecoregions with sparse tree coverage and low anthropogenic influence. By contrast, weak and nonsignificant patterns were evident for forest burned area.

ecoregion (Supporting Information Figure S2). Similar patterns of
concurrent climate‐burned area correlations were evident in nonforested areas with significant positive correlations between fuel
aridity and burned area in 27% of the 216 ecoregions. However, fuel
aridity‐burned area correlations in nonforested areas were generally
weaker than those in forested areas.
Accumulated precipitation 14–25 months antecedent to the start
of the fire season was generally weakly correlated with burned area
in forests (Figure 2). Antecedent precipitation in the 2–13 months
prior to the fire season exhibited more widespread significant negative correlations with forest burned area in 22% of ecoregions, most
notably in Indonesia, highlighting the potential effect of precipitation
deficits on fuel aridity. By contrast, climate–fire relationships for
nonforest burned area showed distinct positive correlations between
precipitation 14–25 months prior to the fire season and burned area
in 15% of ecoregions, primarily those in semiarid areas including
much of interior Australia and southern Africa. Generally, weak and
mixed correlations were seen between cumulative precipitation 2–

3.3 | Explained variance in interannual burned area
Climate variability explained approximately a third of interannual
variability in burned area across ecoregions (Figure 4; Supporting
Information Figure S3 for MODIS), with slightly more variance
explained for forest burned area (ecoregion average of 35%
explained) than nonforest (32%) burned area. Stemming from the
strong interannual correlations between concurrent fuel aridity and
burned area, the simple linear model explains more than 40% of the
interannual variability in forest burned area during 1997–2016
across many boreal and tropical ecoregions. Likewise, the strong and
positive correlations between burned area and antecedent precipitation in nonforested parts of interior Australia and southern Africa
account for much of the explained variance for these ecoregions. By
contrast, the climate variables evaluated explained relatively little
variance in interannual burned area across portions of central Africa,
southeast Asia, and parts of western Europe.

13 months prior to the fire season and nonforest burned area with a
few significant positive correlations in subtropical Australia. A supplemental figure showing correlations between burned area and
antecedent precipitation over different temporal windows is provided in Supporting Information Figure S2.

4 | DISCUSSION
Interannual climate–fire relationships exhibited patterns similar to
those seen in regional studies (e.g., Littell et al., 2009) characterizing fuel‐limited to flammability‐limited fire regimes spanning broad

3.2 | Climate–fire relationships across gradients

biogeographic gradients. Interannual variability in forest burned
area positively correlated with fire season fuel aridity (FWI, CWD)

Relationships between the strength of interannual climate–fire corre-

in a majority of ecoregions, with the strongest relationships in

lations across ecoregions exhibited distinct differences across a

mesic environments where moisture often limits landscape flamma-

moisture gradient (Figure 3). Concurrent CWD‐burned area correla-

bility (Bradstock, 2010; Krawchuk et al., 2009). This was particu-

tions were positive and strongest in mesic regions with relatively

larly evident in the boreal and evergreen temperate forests of

low mean annual CWD (<500 mm) and decreased substantially in

western North America where lightning‐ignited fires account for a

regions where mean annual CWD > 1,200 mm, supportive of the

majority of the burned area (Stocks et al., 2002; Westerling,

geographic patterns seen in Figure 2. Similar interannual CWD‐

2016), as well in tropical forests in Oceania and the Brazilian

burned area correlations across a gradient of mean annual CWD

Amazon, where human ignitions for agricultural land clearing domi-

were also seen for nonforest burned area. The GAM explained

nate fire activity (Cochrane, 2003). The stronger and more

6
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F I G U R E 2 Linear Pearson’s correlation between the base‐10 logarithm of fire‐year burned area and 12‐month accumulated precipitation
ending 14 months prior to the fire season (PPT2y), 12‐month accumulated precipitation ending 2 months prior to the fire season (PPT1y), and
the Fire Weather Index (FWIfs), and climatic water deficit (CWDfs) over the fire season. Only statistically significant correlations (|r| > 0.4) are
colored. Ecoregions with less than 20% land cover for each vegetation class are shaded darker gray

widespread correlations between forest burned area and fuel arid-

Nepstad, & Moutinho, 2005; Sedano & Randerson, 2014; Williams

ity compared to those with fire–season precipitation emphasizes

et al., 2015).

the added value of accounting for atmospheric moisture demand

Antecedent precipitation 14–25 months prior to the fire season

in enabling fire activity in flammability‐limited fire regimes (Ray,

was strongly and positively correlated with nonforest burned area in

ABATZOGLOU
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F I G U R E 3 Percent of interannual variability in the base‐10
logarithm of fire season for (a) forest, and (b) nonforest burned area
accounted for using a linear model that includes one measure of
antecedent precipitation and one measure of concurrent fuel aridity
as depicted in Figure 2

(e.g., van der Werf et al., 2008; Abatzoglou & Kolden, 2013) and the
intermediate productivity hypothesis (Krawchuk et al., 2009; Pausas
& Ribeiro, 2013), which assumes fuel abundance, not flammability or
ignitions, limit fire activity in such environments. Precipitation 2–
13 months prior to the onset of the fire season showed positive correlations with nonforested burned area in subtropical regions where
drying of fine fuels following anomalous wet conditions immediately
prior to the fire season have been shown to promote fire activity
(Andela et al., 2017; Archibald et al., 2009). Precipitation 2–
13 months prior to the onset of the fire season was negatively correlated with forest burned area in regions with low CWD such as
the tropical forests of Oceania and Indonesia. Human‐ignited fire for

semiarid regions with the strongest correlations found in ecoregions
with high mean CWD. This is consistent with fuel‐limited fire
regimes in dry regions and has been highlighted by previous research

F I G U R E 4 Model generalized additive model (GAM) fit of climate
correlations to burned area across global ecoregions for (left) forests
and (right) nonforests as functions of spatial gradients in (top to
bottom) annual average climatic water deficit (CWD), average tree
density, and the Human Footprint Index. The top three panels show
GAMs for correlations with concurrent CWD (rCWD), while the
bottom three panels show GAMs for correlations with antecedent
precipitation (14–25 months prior to the fire season, rP). The gray
shading shows the 95% CI, black stripes along the x‐axis denote the
distribution of data from ecoregions, and values reported in the
bottom-left corner of each plot show the percent of geographic
variance explained by each GAM
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land clearing in these regions spikes in years when water tables des-

and Oceania, much of the Amazon and boreal forests, and many

cend and tropical rainforests desiccate due to low rainfall (Field, Van

temperate forests than in more arid ecoregions and for nonforest

Der Werf, & Shen, 2009). Prolonged drought that persists into the

burned area. Likewise, climate explained more than 40% of the inter-

fire season, as demonstrated by strong positive fuel aridity‐area

annual variability in nonforested burned area in many semiarid

burned correlations, facilitates increased intentional biomass burning.

regions including across central Australia, African savannas, and por-

The strength of the interannual fuel aridity‐fire relationships

tions of the semiarid United States through the strong positive links

waned in ecoregions with higher climatological moisture deficits

with antecedent moisture as seen in previous regional studies (e.g.,

where flammability is less limiting during the fire season. Weaker

Archibald et al., 2009). These results may be instructive for contex-

aridity‐fire correlations were found in resource‐poor/low‐productivity

tualizing biophysical drivers of recent changes in regional fire activity

environments and for nonforests when fuel abundance exert a stron-

(e.g., Abatzoglou & Williams, 2016), and highlighting regions with

ger constraint on fire activity. These findings extend prior global

strong climate–fire relationships that may exhibit substantial changes

analyses of climatic constraints of pyrogeography (e.g., Krawchuk &

in the coming decades (Pechony & Shindell, 2010; Westerling,

Moritz, 2011) to interannual timescales and regional studies (e.g.,

Turner, Smithwick, Romme, & Ryan, 2011).

McKenzie & Littell, 2017) to global scales. Likewise, interannual arid-

By contrast, climate explained less of the interannual variability

ity‐burned area correlations were stronger in ecoregions with higher

in burned area in other regions including central African rainforest

average tree density up to approximately 30,000 trees/km2. Aridity‐

and the semiarid and arid steppe of central and eastern Asia. The

burned area relationships are likely weaker in regions of sparse tree

weak climate–fire relationships may be associated with a variety of

coverage both because fire in these regions is carried by understory

factors tied to anthropogenic controls, subgeographic variability in

grasses and shrubs, mimicking the fuel‐limited fire regime, and also

biophysical constraints on fire activity, and potentially poor quality

because many woody savanna ecoregions are dominated by human

of climate data in these regions. Anthropogenic factors can effec-

ignitions for pastoral burning on an annual basis (Archibald et al.,

tively decouple climate and fire in some regions due to extensive

2013; Cahoon, Stocks, Levine, Cofer, & O’Neill, 1992). We note that

and regular intentional human ignitions and biomass burning across

the strong collinearity between mean climatic conditions and tree

landscapes (Le Page, Oom, Silva, Jönsson, & Pereira, 2010), land

density precludes a complete separation of these factors. Finally, dif-

use and landscape fragmentation (Pausas & Keeley, 2014), and sup-

ferences in vegetation characteristics as well as negative fire‐feed-

pression (Turco et al., 2016). Pertinent lessons may be learned for

backs, both not considered in this study, may further help elucidate

living with fire and mitigating fire‐related hazards (Smith et al.,

how climate variability shapes global fire activity (Archibald et al.,

2016) from regions where fire activity is largely decoupled from cli-

2018).

mate.

Positive aridity‐forest burned area correlations were strongest in

Alternatively, weak interannual climate–fire relationships may

regions with a low anthropogenic footprint. This finding supports the

arise due to environmental conditions often being conducive to fire

notion that fire suppression, conversion to agricultural lands and

activity (i.e., intermediate productivity region with sufficient ignitions,

greater land fragmentation, and landscapes where intentional burning

Krawchuk et al., 2009; Pausas & Paula, 2012), in regions where

occurs, tend to reduce the influence of climate variability on fire

annual burned area is strongly determined by episodic wind‐driven

activity (Syphard, Keeley, Pfaff, & Ferschweiler, 2017; Taylor et al.,

fires (Keeley, Safford, Fotheringham, Franklin, & Moritz, 2009), and

2016). Paradoxically, fire suppression in regions where fuels are

where fire activity is ignition‐limited (e.g., Abatzoglou, Kolden, Balch,

available may amplify climate–fire relationships as suppression activi-

& Bradley, 2016; Syphard et al., 2007). Additional analysis decom-

ties may be successful when fire danger is moderate (e.g., Abat-

posing bottom‐up anthropogenic factors from macroscale climate

zoglou, Balch, Bradley, & Kolden, 2018), thereby allowing large

variability is needed to better elucidate fire regimes that are rela-

wildland fires to preferentially occur with anomalous fuel aridity and

tively insensitive to climate variability.

fire weather conditions (Barbero et al., 2014; Stephens et al., 2014).

The relatively short record of global fire observations from

By contrast, nonforested ecoregions did not demonstrate strong

satellites is not optimal for understanding interannual relationships,

relationships along a gradient of anthropogenic influence. At the glo-

and worse still for understanding drivers of lower frequency vari-

bal scale, this likely represents the dissimilarities between landscapes

ability in fire activity, yet the general relationships gleaned in our

that are sparsely populated where extreme climatic conditions domi-

study are broadly consistent with longer‐term regional climate–fire

nate (e.g., high latitude tundra) and landscapes that are sparsely pop-

relationships (e.g., Littell et al., 2009). Our supplemental analysis

ulated but where pastoral burning is widely practiced (e.g.,

using the shorter fire record from MODIS Burned Area Product

savannas).

(MDC64A1) shows somewhat stronger relationships, potentially due

Our simple linear models suggest that approximately a third of
the interannual variability in burned area across global ecoregions is

to known data issues in

GFED4,

but generally supports the results of

Figure 2. Inadequate climate data may also obfuscate relationships

explained by climate variability. Consistent with the increased

in some regions. A single modern reanalysis (ERA‐Interim) paired

strength of positive fuel aridity‐burned area correlations along a pro-

with a high‐quality global gridded precipitation dataset (MSWEP)

ductivity gradient, climate explained more variability in forest burned

was used in this study. However, structural uncertainty in climate

area in wetter climates, including tropical rainforests in Indonesia

data, namely precipitation, is a likely source of uncertainty in
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relationships identified here, particularly in the tropics (Beck, Vergopolan, et al., 2017).
Previous analyses performed at the native resolution of the fire

9

CONFLICT OF INTEREST
The authors declare no conflict of interests.

data (e.g., Bedia et al., 2015) have shown weaker overall relationships than those shown here. We demonstrate more coherent climate–fire relationships by stratifying burned area by primary land‐
cover classes (forest and nonforest excluding cropland burning) and
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aggregating to broader ecologically relevant spatial units. We do not
suggest that ecoregions are the optimal spatial unit for conducting
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