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ABSTRACT
Background. Terrestrial biomes in South America are likely to experience a persistent
increase in environmental temperature, possibly combined with moisture reduction
due to climate change. In addition, natural fire ignition sources, such as lightning, can
become more frequent under climate change scenarios since favourable environmental
conditions are likely to occur more often. In this sense, changes in the frequency and
magnitude of natural fires can impose novel stressors on different ecosystems according
to their adaptation to fires. By focusing on Brazilian biomes, we use an innovative
combination of techniques to quantify fire persistence and occurrence patterns over
time and evaluate climate risk by considering key fire-related climatic characteristics.
Then, we tested four major hypotheses considering the overall characteristics of fire-
dependent, fire-independent, and fire-sensitive biomes concerning (1) fire persistence
over time; (2) the relationship between climate and fire occurrence; (3) future
predictions of climate change and its potential impacts on fire occurrence; and (4)
climate risk faced by biomes.
Methods. We performed a Detrended Fluctuation Analysis to test whether fires in
Brazilian biomes are persistent over time. We considered four bioclimatic variables
whose links to fire frequency and intensity are well-established to assess the relationship
between climate and fire occurrence by confronting these climate predictors with a fire
occurrence dataset through correlative models. To assess climate risk, we calculated the
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climate hazard, sensitivity, resilience, and vulnerability of Brazilian biomes, and then
we multiplied the Biomes’ vulnerability index by the hazards.
Results. Our results indicate a persistent behaviour of fires in all Brazilian biomes
at almost the same rates, which could represent human-induced patterns of fire
persistence. We also corroborated our second hypothesis by showing that most
fire-dependent biomes presented high thermal suitability to fire, while the fire-
independent biome presented intermediate suitability and fire-sensitive biomes are the
least suitable for fire occurrence. The third hypothesis was partially corroborated since
fire-dependent and independent biomes are likely to increase their thermal suitability
to fire, while fire-sensitive biomes are likely to present stable-to-decreasing thermal
suitability in the future. Finally, our fourth hypothesis was partially corroborated since
most fire-dependent biomes presented low climate risk, while the fire-independent
biome presented a high risk and the fire-sensitive biomes presented opposite trends. In
summary, while the patterns of fire persistence and fire occurrence over time are more
likely to be related to human-induced fires, key drivers of burned areas are likely to be
intensified across Brazilian biomes in the future, potentially increasing the magnitude
of the fires and harming the biomes’ integrity.

Subjects Conservation Biology, Ecology, Coupled Natural and Human Systems, Climate Change
Biology, Environmental Impacts
Keywords Wildfires, Fire persistence, Climate hazard, Sensitivity index, Resilience, Vulnerability,
Climate risk

INTRODUCTION
The world is predicted to reach an irreversible climate tipping point if average global
temperature exceeds 1.5 ◦C above pre-industrial levels (Ripple et al., 2019; IPCC, 2021).
Terrestrial biomes in South America are likely to experience a persistent increase in
environmental temperature, often combined with moisture reduction and changes in
wind patterns (Anjos et al., 2021; Burton et al., 2022). In addition, natural wildfire ignition
sources, such as lightning, can become more frequent under climate change scenarios,
since favorable conditions are likely to occur more often (Clark, Ward & Mahowald, 2017;
Krasovska, Buravchenko & Tsviashchenko, 2018). Such conditions include fuel availability,
a flammable mixture of organic compounds, and cloud cover, which can change to
increase the frequency of storm clouds bearing electric charge (Krasovska, Buravchenko &
Tsviashchenko, 2018). As key drivers of naturally burned areas (Burton et al., 2022), changes
in these characteristics are prone to affect fire occurrence, with fire intensity and spread
likely to increase after ignition depending on local weather conditions (Clark, Ward &
Mahowald, 2017; Podschwit et al., 2018; Li et al., 2022).

Persistent fires in fire-dependent biomes are likely to occur regularly under natural
conditions, and local biodiversity should be adapted to those conditions (Pausas &
Bradstock, 2007). However, along with natural fire ignition sources, farmers commonly use
human-induced fires as a management tool to clear new areas for settlements, ranching,
agriculture and logging (Brunel et al., 2021). Such practices have been used in Brazilian
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grass-dominated areas for centuries (Pivello, 2011), usually aiming to remove excessive
dead biomass during the dry season and stimulate the regrowth of grasses with high
nutritional value for grazing animals (Van der Werf et al., 2008; Da Silva Junior et al., 2020;
Brunel et al., 2021). Although this is an effective practice for improving the productivity
or ranching (Laterra et al., 2003), its inadequate application can decrease system resilience
(Roberts, 2000).

Human-induced fires are likely to be more intense than natural fires and can
have different effects according to the system’s fire susceptibility (Da Silva Junior et
al., 2020). In a fire-independent or fire-sensitive biome, where fires are not likely to
occur naturally and therefore are not persistent, emergency fire plans must be designed
considering the local potential for fire spread, which can be assessed by analyzing local
environmental characteristics (Santos et al., 2021). Similarly, landscape alterations must
also be acknowledged in fire-dependent biomes, but strategies for fire control should
consider the ecological and cultural roles of fire in the landscape (Santos et al., 2021).

Whether or not fire persists over time, it occurs in all Brazilian biomes (Da Silva Junior
et al., 2020). Understanding the main sources of fire ignition (i.e., natural or human-
induced) and the persistence patterns of fire is therefore vital to developing adequate
fire-management policies and to avoiding the loss of biodiversity and ecosystem services
(Roberts, 2000). It is important to characterize each biome’s fire-related climate risk
resulting from the interaction between hazard, exposure, and vulnerability (sensu IPCC,
2018; see Foden et al., 2019). ‘‘Hazard’’ refers to the potential occurrence of climate-related
events or trends thatmay harm the system, while ‘‘exposure’’ is the presence of the system in
places that are potentially affected (Foden et al., 2019). The ‘‘Vulnerability’’ is its propensity
or predisposition of a system to be adversely affected and has many components, including
sensitivity and resilience (Foden et al., 2019). ‘‘Sensitivity’’ can be described as the degree
to which a system is affected by climate change, while ‘‘resilience’’ is the capacity of the
system to cope with disturbance and keep its essential functions and structure (IPCC,
2021). Resilience reflects the system’s ability to maintain its adaptation and transformation
capacities, which can be assessed by quantifying vegetation loss and protected areas (PAs)
(IPCC, 2021).

Changes in climate risk, along with fire occurrence and persistence patterns over time,
can trigger significant modifications in ecosystem structure and internal feedbacks and
can disrupt ecological functions, affecting biodiversity and human livelihoods (Anjos
et al., 2021; Diele-Viegas, 2021). However, knowledge gaps on the specificities of these
characteristics in Brazilian biomes prevent the development of adequate management
policies to minimize fire impacts.

Here we examine fire persistence and occurrence patterns over time and evaluate
climate risk by considering key fire-related climatic characteristics in Brazilian biomes,
anticipating fire occurrence under different climate change scenarios through an innovative
combination of techniques. We test four hypotheses concerning the overall characteristics
of fire-dependent, fire-independent, and fire-sensitive biomes: the first is related to fire
persistence over time; the second approaches the relationship between climate and fire
occurrence; the third focuses on future predictions of climate change and its potential
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Figure 1 Hypothetic patterns of fire persistence, fire occurrence, and climate risk in Brazilian fire-
dependent (Cerrado, Pampa, and Pantanal), fire-independent (Caatinga) and fire-sensitive (Amazon
and Atlantic Forest) biomes. Climate risk is predicted to be low in fire-dependent biomes due to their
potential low hazard associated with low sensitivity and intermediary resilience. For fire-independent
biomes, climate risk is expected to be moderate since it is likely to present a high hazard related to high
sensitivity and low resilience. Finally, fire-sensitive biomes are likely to present high climate risk due to an
intermediate-to-high hazard and high sensitivity, even considering their potentially high resilience.

Full-size DOI: 10.7717/peerj.14276/fig-1

impacts on fire occurrence, and the last focuses on the climate risk faced by the biomes
(Fig. 1).

MATERIALS & METHODS
Brazil is among the most biodiverse countries globally and plays a major role in regulating
the South American climate system, mainly through the evapotranspiration of the Amazon
forest (Convention on Biological Diversity, 2021). It also hosts important hotspots of
biological diversity that support diverse ecosystem services (Jenkins & Schaap, 2018). The
six Brazilian biomes (Amazon, Atlantic Forest, Caatinga, Cerrado, Pampa, and Pantanal)
hold large carbon stocks in their forests and soils, besides having the largest freshwater
reserve in the world (Souza et al., 2020).

Brazilian grassland, savanna and wetland biomes (i.e., Cerrado, Pampa, and Pantanal)
are fire-dependent; they have coevolved with lightning-driven fires and benefit from
seasonal fires (Hardesty, Myers & Fulks, 2005; Pivello et al., 2021). On the other hand, the
semi-arid scrub forests of the Caatinga are fire-independent, since climatic conditions are
not favorable to fire occurrence (e.g., there is a low incidence of lightning events), and
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the system lacks enough biomass to carry fire (Hardesty, Myers & Fulks, 2005; Pivello et al.,
2021). Finally, humid tropical forests (i.e., Amazon and Atlantic Forest) are not adapted
to fire and are therefore fire sensitive (Hardesty, Myers & Fulks, 2005; Pivello et al., 2021).
We tested our four hypotheses considering the overall characteristics of fire-dependent,
fire-independent, and fire-sensitive biomes, through the methods described below.

Persistent fire behavior
Detrended Fluctuation Analysis (DFA) is a powerful tool for evaluating long-range
dependence in individual time series, which could be applied to identify and measure
the existence of autocorrelation in the context of non-stationary time series (Peng et al.,
1994). It can assess the extent to which trends in fire events observed in the past imply the
maintenance of that behavior in the future, thus evaluating whether fire events are random
or persistent over time (Peng et al., 1994; Tong et al., 2019; Murari et al., 2020).

We performed a DFA by considering a time-series of fire occurrences from the reference
satellite (AQUA_M-T: MODIS sensor, early afternoon pass), downloaded from the website
of the Brazilian National Institute for Space Research (INPE, 2020, p. 202). The data have
1-km × 1-km pixel spatial resolution, depicting fires from November 2011 to October
2020. The DFA was calculated for a 10-year time series with t equidistant observations.
The first step of the analysis consisted of calculating the fire profile:

Xt =

t∑
i=1

(xi−〈x〉).

where the original time series xi is the fire occurrence per year, with i= 1, ..., N, andN is the
total number of measurements recorded, and 〈x〉 is the average observed fire occurrence.
This profile was then divided into mutually exclusive boxes of equal dimensions s (the
considered timescale; N/s), and a local trend was calculated using ordinary least squares to
detrend the profile:

Xs(t )=Xt −z(t ).

where z(t) is the polynomial fit for the respective follow-up. Finally, the DFA function was
calculated for all s values according to the following equation:

F (s)=

√√√√ 1
N

N∑
t=1

(
X(s)(t )

)2
.

The log–log regression was obtained between F (s) and s, resulting in a power-law given by

F (n)∝ nα.

Through the α exponent obtained from the DFA, it is possible to assess the extent to which
the trend observed in the past time series implies the maintenance of that behavior in
the future, indicating a long-term memory effect in the series. Non-correlated series are
expected to return α= 0.50 and represent a typical case of a random walk. These series
are likely to show long-range persistence when α >0.50 and anti-persistent behavior when
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α <0.50. Although opposite precipitation anomalies are expected for NE and SE Atlantic
Forest (Reboita et al., 2022), we did not separate the Atlantic Forest into NE and SE regions
for this analysis because DFA does not consider precipitation patterns in its equation.

Climate and fire occurrence
Confronting data of climatic predictors with fire occurrence can be useful for understanding
the particularities of this relationship in different biomes and their consequences under
different climate-change scenarios. Correlative models associating environmental (e.g.,
climatic predictors) and geographic (e.g., georeferenced occurrence points) spaces have
been widely used in conservation biology to predict the potential occurrence area of a
species under different environmental conditions (Guisan & Zimmermann, 2000).

By assuming that climatic conditions are at least partially responsible for fire occurrence,
we adapted thismethod tomodel fire occurrence by highlighting climatically similar regions
where fires were recorded, thus predicting the probability of fire occurrence through time
and over geographic space. A synthesis of the modeling steps can be found in Table S1.

To assess the relationship between climate and fire occurrence, we considered four
bioclimatic variables whose links to fire frequency and intensity are well established
(Oliveira-Júnior et al., 2020): two annual variables (annual mean temperature; BIO1, and
annual precipitation; BIO12) and two variables related to the dry (or fire-prone) season
(mean temperature of the driest quarter; BIO9, and precipitation of the driest quarter;
BIO17). Climatic raster files with historical data (average of years 1970-2000) were obtained
from WorldClim version 2.1 (Fick & Hijmans, 2017) at 2.5 arc-minute resolution.

Climatic predictors were confronted with the fire-occurrence dataset available from
INPE (INPE, 2020). Each fire source registered from 2002 to 2020 was considered a ‘‘fire
occurrence’’, and its georeferenced location was extracted, totaling 4,546,557 occurrence
points. To reduce the effects of sampling bias, we filtered the occurrence dataset to ensure
that localities were at least 10 km distant of one another, besides removing duplicate
coordinates and any point falling outside Brazil’s geographic limits, resulting in 4,463,071
valid points. In addition, we randomly subsampled 1% of the occurrence points (N = 4463)
to proceed with the analysis.

The climatic conditions associated with each location were assessed with correlative
models that related environmental characteristics to fire occurrences. We adapted this
method to fire occurrence, assuming that climate directly influences these phenomena. We
therefore caution that this method assumes that climate conditions are at least partially
responsible for fire occurrence.

The modelled relationship between climate and fire was projected into geographic space
to highlight climatically similar regions and relate them to the recorded fires in Brazil.
By assessing the environmental conditions associated with fire events, it was possible
to predict the probability of fire occurrence through time and over geographic space.
We fitted models using three algorithms: bioclimatic envelopes (BIOCLIM), generalized
linear models (GLM), and support vector machines (SVM). We randomly sampled 10,000
pseudoabsences for the BIOCLIM and GLM algorithms while maintaining occurrence
prevalence for SVM (Barbet-Massin et al., 2012). A final consensus map was obtained by
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weighting the cell-based prediction of fire probability by the accuracy of the parent model,
as explained below.

We evaluated the accuracy of our model output with a sub-sampling procedure where
30%of fire-occurrence recordsmeasured the performance ofmodels fitted to the remaining
70% of the records. We ran ten replicates for each algorithm (in a total of 30 models) to
increase the robustness of the results. The best models were selected based on an Area
Under the Curve (AUC) over 0.7 (Hanley & McNeil, 1982), True Skill Statistic (TSS) over
0.3, and Threshold over 0.8. The threshold was calculated as the point at which the sum of
the sensitivity (true positive rate) and specificity (true negative rate) was highest (Hijmans
et al., 2017; Shabani, Kumar & Ahmadi, 2018). Based on the combination of these three
accuracymethods, we selected five SVM replicas to proceed with the analyses (see Table S2).

We projected our consensus models of fire occurrence based on climate forecasts to
predict future fire risk. We projected fire occurrence for two time periods (2041-2060,
hereafter 2050; and 2081-2100, hereafter 2090) according to two shared socioeconomic
pathways (SSP) (Riahi et al., 2017), SSP2 45 and SSP5 85 (IPCC, 2021). The future climate
projections considered the ensemble (average) of the three general circulation models
(GCMs) of the Coupled Model Intercomparison Project Phase Six (CMIP6) (Eyring
et al., 2016) with particularly good performance in South America (Cannon, 2020): (1)
Beijing Climate Center model (BCC-CSM2-MR); (2) Institute Pierre Simon Laplace model
(IPSL-CM6A-LR); and (3) Model for Interdisciplinary Research on Climate (MIROC6).

The geographic boundaries of the Brazilian biomes were downloaded from the Brazilian
Institute of Geography and Statistics (IBGE, http://ibge.gov.br/). We separated the Atlantic
Forest into its northeastern (NE), and southeastern (SE) portions since the predicted
changes in precipitation have opposite signs in these areas: reduction in precipitation
in the NE and increase in the SE (Brazilian Panel on Climate Change (PBMC) fix order in
list, 2014; Reboita et al., 2022). The analysis was performed using the biomod2 (Thuiller et
al., 2020), dismo (Hijmans et al., 2017), raster (Hijmans, 2016), and rgdal (Bivand, Keitt &
Rowlingson, 2020) packages in R 3.5.1 software (R Core Team, 2020).

Climate risk
We assessed Brazilian biomes’ climate risk through metrics of climate hazard, sensitivity
and resilience (Foden et al., 2019; IPCC, 2021, p. 20). For climate hazard, we first calculated
the percentage of change in bioclimatic values between future predictions and the present
(see Table S3). We considered the same four bioclimatic variables used to assess the
relationship between climate and fire occurrence (BIO1, BIO9, BIO12, and BIO17) at the
same resolution (2.5 arc-minutes spatial resolution). Future predictions were based on
SSP2 45 and SSP5 85 for two time periods (2050 and 2090) and considered the ensemble
of the three GCMs mentioned above (BCC-CSM2-MR, IPSL-CM6A-LR, and MIROC6).
Accordingly, the geographic boundaries of the Brazilian biomes were the same as those used
to assess the relationship between climate and fire occurrence (IBGE, http://ibge.gov.br/).
We then adapted the Regional Climate Change Index (RCCI) developed by Giorgi (2006)
to calculate the climate hazard of the fire season in Brazilian biomes. This comparative
index was developed to identify ‘‘hotspots’’ of climate change (Giorgi, 2006). The RCCI is
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Table 1 n values considered in the definition of RCCI, based onGiorgi (2006). 1P is the percentage of
change in annual precipitation;1σP is the interannual variability of precipitation;1σT is the interannual
variability of temperature; and RWAF is the regional warming amplification factor.

n 1P (%) 1σP (%) RWAF 1σT (%)

0 <5 <5 <1.1 <5
1 5–10 5–10 1.1–1.3 5–10
2 10–15 10–20 1.3–1.5 10–15
4 >15 >20 >1.5 >15

defined as:

RCCI= [n(1P)+n(1σP)+n(RWAF)+n(1σT )]WS+[n(1P)+n(1σP)+n(RWAF)

+ n(1σT )]DS.

where n is an empirical factor that depends on the magnitude of the change (Table 1);
1P is the percentage of change in BIO12 (annual precipitation) recovered for each biome;
1σP is the interannual variability of precipitation; 1σT is the interannual variability of
temperature; and RWAF is the regional warming amplification factor, i.e., the difference
between the change in BIO1 (annual mean temperature) recovered for each biome and
the mean global temperature change (2 ◦C and 2.7 ◦C in SSP2 45 and 2.4 ◦C and 4.4 ◦C
in SSP5 85, considering 2050 and 2090, respectively (IPCC, 2021)). Note that the original
RCCI performs these calculations for both the wet (WS) and dry (DS) seasons. However,
since we focused our analysis on the dry season (the fire-prone season), we considered
RCCIDS= n(1P)+n(1σP)+n(RWAF)+n(1σT ) as a proxy for climate hazard, which
was calculated for each biome in each scenario and time period (see Table S4).

The sensitivities of Brazilian biomes were estimated based on the Vegetation Sensitivity
Index (VSI) (Seddon et al., 2016; see Table S5). This index is a useful method to quantify
ecosystem sensitivity based on the relative variance of vegetation productivity compared
to three ecologically important MODIS-derived climate variables: air temperature, water
availability and cloud cover (Seddon et al., 2016). Since these three climatic variables are
key drivers of burning, this index can also indicate whether the environment would be
sensitive to fire-related climatic conditions. The comparisons are made for each 5-km grid
square for the months in which EVI and climate are found to be related. We calculated
the sensitivity of the Brazilian biomes by using the raster (Hijmans, 2016, p. 201) and rgdal
(Bivand, Keitt & Rowlingson, 2020) packages in R 3.5.1 software (R Core Team, 2020).

We calculated the Biomes’ resilience based on vegetation loss and the area outside
PAs (see Table S5). Natural vegetation is an essential regulator of ecosystem services,
and its destruction has been considered to be the leading cause of species extinction
(Gonçalves-Souza, Verburg & Dobrovolski, 2020;Gonçalves-Souza et al., 2021). On the other
hand, PAs are the cornerstone strategy for biodiversity conservation, playing a major
role in the maintenance of ecosystem services and adequate environmental conditions
for the survival of local species (Bernard, Penna & Araújo, 2014). Although Brazil has the
largest PA network in the world, covering over 250 million ha and 29.4% of the country’s
territory (UNEP-WCMC & IUCN, 2022), its coverage is not proportionally distributed
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Figure 2 Fire Persistence over time (FPt), Fire Occurrence Suitability (FOS), Climate Hazard, Re-
silience (R), Vulnerability Index (Vi) and Climate risk of fire-dependent (FD), fire-independent (FI),
and fire-sensitive (FS) Brazilian biomes. Colors represent aspects that make them more (red) or less
(green) susceptible to that feature than the other biomes. Arrows indicate the future trends of that feature
in different climate change scenarios.

Full-size DOI: 10.7717/peerj.14276/fig-2

among the Brazilian biomes (Oliveira et al., 2017). Vegetation loss was calculated from
current land-use and land-cover data (IBGE, 2020; see Fernandes et al., 2017), while the
area outside PAs was measured based on georeferenced data from the Chico Mendes
Institute for Biodiversity (ICMBio, 2020). We considered the resilience status to be the
arithmetic mean of these two indicators, where the lower the mean value, the greater the
resilience status (Lapola et al., 2020).

We then used the sensitivity and resiliencemetrics to determine the biomes’ vulnerability
to climate change. For this, we compared the sensitivity and resilience of each biome and
calculated the relative weights for the lower sensitivity and resilience as the difference
between the sensitivity/resilience of the biome and the lower sensitivity/resilience value
found between biomes. We considered the vulnerability index of each biome to be the
arithmetic mean of the relative weight of sensitivity (1S) and the relative weight of
resilience (1R). We assessed climate risk by multiplying the biomes’ vulnerability index
by the hazards per SSP and year (adapted from Foden et al., 2019). We summarized our
findings concerning persistent fire behavior, fire occurrence, climate hazard, resilience,
vulnerability, and climate risk of Brazilian biomes in Fig. 2 (see Table S6 for details).

RESULTS
Persistent fire behavior
Over the last ten years, fires in Brazil occurred mainly in the Amazon and Cerrado biomes
(Fig. 3). While 2013 and 2018 had the lowest fire occurrences in the decade, 2012 and 2020
had the highest occurrences (Fig. 3). The Pantanal and Pampa biomes were particularly
affected in 2020 when they suffered from the highest fire occurrences in the decade (Fig. 3).
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Figure 3 Fire persistence in Brazilian biomes between 2010 and 2020. Source: INPE (2020). Brown
points in the map are the georeferenced location of fire sources during the analyzed period. Bar plots indi-
cate the distribution of these fire sources over the years per biome.

Full-size DOI: 10.7717/peerj.14276/fig-3

Table 2 Detrended fluctuation analysis (DFA) per Brazilian biome.

NFDC Biome DFA (α± SD)

Cerrado 0.63± 0.07
Pampa 0.63± 0.06Fire-Dependent

Pantanal 0.63± 0.05
Fire-Independent Caatinga 0.61± 0.06

Amazon 0.63± 0.07
Fire-Sensitive

Atlantic Forest 0.72± 0.07

Notes.
NFC, Natural-Fire Dependence Classification; SD, Standard Deviation.

Our results indicate a persistent behavior of fires in all Brazilian biomes, with small
differences among natural-fire dependence classifications (Table 2, Fig. 3). Fire-dependent
biomes had the same persistence behavior as the Amazon rainforest (α= 0.63), but only
Cerrado presented the same variation (SD= 0.07). The least persistent behavior was in the
Caatinga (α = 0.61 ± 0.06), the only fire-independent biome. The Atlantic Forest showed
the most persistent fire behavior over the years and therefore is projected to have large
amounts of future fire despite being fire sensitive (Table 2, Fig. 3).
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Table 3 Mean± Standard Deviation of thermal suitability of the Brazilian biomes (%) to fire occurrence considering different scenarios for
climate change (SSP2 45 and SSP5 85) and different years (2050 and 2090).

NFDC Biome Present 2050 SSP2 45 2090 SSP2 45 2050 SSP5 85 2090 SSP5 85

Cerrado 0.78± 0.23 0.80± 0.23 0.78± 0.23 0.77± 0.23 0.80± 0.22
Pampa 0.19± 0.09 0.23± 0.08 0.25± 0.10 0.23± 0.09 0.23± 0.09

Fire-
Dependent

Pantanal 0.88± 0.10 0.90± 0.08 0.89± 0.08 0.88± 0.08 0.89± 0.08
Fire-Independent Caatinga 0.64± 0.28 0.66± 0.28 0.66± 0.28 0.63± 0.27 0.65± 0.28

Amazon 0.62± 0.34 0.63± 0.34 0.63± 0.33 0.62± 0.33 0.62± 0.34
Atlantic Forest 0.49± 0.27 0.50± 0.24 0.47± 0.23 0.46± 0.23 0.45± 0.22
Atlantic Forest NE 0.48± 0.25 0.51± 0.21 0.46± 0.21 0.46± 0.21 0.43± 0.19

Fire-
Sensitive

Atlantic Forest SE 0.50± 0.28 0.49± 0.26 0.48± 0.25 0.46± 0.25 0.47± 0.25

Notes.
NFDC, Natural-Fire Dependence Classification.

Climate and fire occurrence
The current thermal suitability of the Brazilian biomes to fire occurrence varied from 19%
in the Pampa to 88% in the Pantanal (Table 3). Most fire-dependent biomes presented high
thermal suitability to fire, while the fire-independent biome presented an intermediate
suitability and fire-sensitive biomes are the least suitable to fire occurrence (Table 3).

Although the Pampa is currently the least likely biome to burn, it presents the greatest
proportional increase in thermal suitability considering future scenarios (Table 3). Thermal
suitability to fire is also likely to be greater in the Amazon even considering an optimistic
climate-change scenario (SSP2 45), but it tends to decrease by the year 2050 considering
a more pessimistic scenario (SSP5 85; Table 3). The Northeastern Atlantic Forest tends
to increase its thermal suitability by 2050 considering SSP2 45, while the Southeastern
Atlantic Forest tends to decrease its thermal suitability in all forecasts. Caatinga, Cerrado,
and Pantanal are likely to present increased thermal suitability to fires in most scenarios,
except for SSP5 85 in the year 2050 (Table 3). Overall, fire-dependent and fire-independent
biomes are likely to increase their thermal suitability, while fire-sensitive biomes are likely
to present stable-to-decreasing thermal suitability to fire in the future (Table 3).

Climate risk
While the Pampa had the lowest climate hazard in all evaluated scenarios, the Atlantic Forest
presented the highest (Table 4). The other biomes varied in their compared positions, but,
overall, fire-dependent biomes were usually among those with the lowest climate hazards,
while the fire-independent biome presented the second highest hazard in almost all
scenarios (Table 4).

Despite its low climate hazard, the Pampa is predicted to have the highest sensitivity
among the Brazilian biomes (Table S5). On the other hand, the Pantanal had the lowest
sensitivity to fire-related climatic conditions (Table S5). Fire-dependent biomes did not
present a common pattern of sensitivity, although, on average, they are likely to present
lower sensitivity than the fire-independent biome (17.3 ± 3.3; compared to 19.6 ± 3.7 for
the Caatinga). Finally, contrary to expectations, fire-sensitive biomes figured among those
with the lowest sensitivities to fire-related climatic conditions (Table S5).
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Table 4 Climate-related hazard, resilience and vulnerability of Brazilian biomes considering different scenarios for climate change (SSP2 45
and SSP5 85) and different years (2050 and 2090).

NFDC Biome Hazard Resilience status Vulnerability index

SSP2 45 SSP5 85

2050 2090 2050 2090

Cerrado 13.66 32.23 27.37 105.35 0.73 11.73
Pampa 0.00 6.22 5.07 40.12 0.75 13.43

Fire-
Dependent

Pantanal 14.54 32.98 22.28 112.04 0.67 6.40
Fire-Independent Caatinga 16.96 49.40 36.26 124.61 0.70 10.87

Amazon 8.20 33.89 29.88 139.95 0.54 1.33
Atlantic Forest 28.76 51.02 48.44 188.82 0.92 19.45
Atlantic Forest NE 42.39 73.64 72.93 267.80 0.92 21.61

Fire-
Sensitive

Atlantic Forest SE 15.12 28.40 23.94 109.84 0.93 18.80

Notes.
NFDC, Natural-Fire Dependence Classification.

The most resilient biome was the Amazon rainforest (Table 4), which presented the
lowest rates of vegetation loss added to the greatest proportional area under protection
(Table S5). On the other hand, the Atlantic Forest and Pampa presented the highest rates
of vegetation loss, besides being the least-protected biomes (Table S5), which led them to
be considered the least resilient among the Brazilian biomes (Table 4). Consequently, the
vulnerability of Brazilian biomes followed the same pattern as resilience, with the Amazon
being the least vulnerable and the Atlantic Forest and Pampa being the most vulnerable
biomes (Table 4).

Fire-dependent biomes vary from low to intermediate resilience and vulnerability, while
fire-sensitive biomes present the opposite trends in both features (Fig. 2). Therefore, our
results indicate no overall pattern of resilience or vulnerability among fire-dependent
and fire-sensitive biomes. The fire-independent biome, in turn, presented the greatest
resilience (0.70), but the highest vulnerability (10.87) compared to the averaged resilience
and vulnerability of fire-dependent (R= 0.72 ± 0.4; Vi = 10.51 ± 3.7) and fire-sensitive
(R= 0.73 ± 0.27; Vi = 10.39 ± 12.8) biomes.

The Atlantic Forest is themost at-risk biome in all evaluated scenarios, while the Amazon
and Pampa are among the least at-risk (Table 5). Fire-dependent biomes presented an
overall pattern of mid-to-low risk, while the fire-independent biome presented a higher
climate risk (Table 5). No pattern was found for fire-sensitive biomes. On average,
fire-dependent biomes presented the lowest climate risk in all evaluated scenarios, while
the fire-sensitive biomes presented the highest risk for all but the predictions for 2090
considering the SSP2 45 (Table 5).
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Table 5 Climate risk of brazilian biomes considering their natural-fire dependence classification (NFDC).

NFDC Biome Climate risk

SSP2 45 SSP5 85

2050 2090 2050 2090

Cerrado 160.16 377.90 320.91 1235.23
Pampa 0.00 83.50 68.06 538.61
Pantanal 93.06 211.07 142.59 717.07

Fire-
Dependent

Average± SD 84.41± 80.4 224.16± 147.6 177.19± 129.9 830.3± 361.8
Fire-Independent Caatinga 184.36 536.98 394.15 1354.51

Amazon 10.91 45.07 39.74 186.13
Atlantic Forest 559.14 992.08 941.82 3671.60
Average± SD 285.02± 387.6 518..58± 669.64 490.82± 637.93 1928.87± 2464.6
Atlantic Forest NE 916.05 1591.36 1576.02 5787.16

Fire-
Sensitive

Atlantic Forest SE 284.26 533.92 450.07 2064.99

Notes.
SD, Standard Deviation.

DISCUSSION
Persistent fire behavior
Our first hypothesis focused on describing fire persistence in Brazilian biomes over time,
and our results indicate a persistent behavior in all Brazilian biomes at almost the same rates.
Such patterns would only be possible considering the human-induced fires to be occurring
at a recurrent rate. In fact, the use of fire in Brazilian crop and pasture management has
been well established for centuries (Maezumi et al., 2018), which creates a feedback loop,
since repeatedly burned areas are more prone to new fires (Hoffmann et al., 2020). Our
results therefore suggest human-induced patterns of fire persistence instead of natural
patterns, which is an indication that human activities have already radically changed the
natural fire regimes in Brazilian biomes with respect to the frequency and timing of burning
(Hardesty, Myers & Fulks, 2005; Pivello, 2011).

Although we focused on fire frequency, other characteristics of fire regimes are also
important when evaluating fire impacts on biodiversity and ecosystems. Specifically, the
organic matter consumption by fire (i.e., fire severity) can be used as a proxy for the
energy output from fire (i.e., fire intensity) and its impact on ecosystems (Keeley, 2009).
In addition, changes in fire-season length (the period when fires are prone to spread due
to climatic factors) can increase the occurrence of ignitions and the duration of burns,
resulting in larger fires that are more likely to spread and negatively impact biodiversity
(Riley & Loehman, 2016). Similarly, smoke emissions due to fires lead to reduced air quality,
directly impacting human health and causing premature adult deaths that could be avoided
(Reddington et al., 2015). Future studies on fire regimes in Brazilian biomes should focus
on these multiple characteristics to improve our knowledge of Brazilian fire regimes and
to increase the effectiveness of fire-management policies.
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Climate and fire occurrence
Our second hypothesis focused on understanding the climatic determinants of fire
occurrence by assuming that climatic conditions are at least partially responsible for
fire. Our results corroborated our expectations by showing that the most fire-dependent
biomes presented high thermal suitability for fire, while the fire-independent biome
presented an intermediate suitability and fire-sensitive biomes were the least suitable for
fire occurrence. Similarly, Oliveira et al. (2022) also demonstrated that climate explains
most of the fire variation in the Cerrado and Pantanal biomes, while land-use change
explained most of the fire variation in the Amazon.

In our third hypothesis we considered possible tendencies of fire occurrence in the
future considering different climate-change scenarios. Our results partially corroborated
this hypothesis by showing that fire-dependent and independent biomes are likely to
increase their thermal suitability for fire, while fire-sensitive biomes are likely to present
stable-to-decreasing thermal suitability in the future. Specifically, thermal suitability for
fire is likely to decrease in all scenarios for the Atlantic Forest but increase in the Amazon,
considering the optimistic scenario for climate change (SSP2 45), while no trend is expected
under themost severe scenario (SSP5 85). Extremedrought events are likely to becomemore
frequent under different climate-change scenarios (IPCC, 2021), facilitating fire occurrence
and spread. Prolonged drought events have already been recorded within the last decade.
Lack of rainfall in 2019 and 2020 in the Pantanal, caused by the reduced transportation
of humid air from the Amazon, led to a prolonged drought in this fire-dependent biome,
which facilitated fire spread, culminating in the extreme fire event that burned over 30%
of the biome in 2020 (Mega, 2020; Libonati et al., 2020; Marengo et al., 2021). Similarly, an
increased drying effect in fire-sensitive biomes could result in increases in fire incidence,
as predicted for the Amazon (Aragão et al., 2018).

Climate risk
In our fourth hypothesis, we evaluated the climate risk of Brazilian biomes considering
fire-related climatic variables and showed that biophysical conditions conducive to fires
(increased temperature and decreased precipitation) are likely to affect all Brazilian biomes
(see Table S3). However, as demonstrated in our fire occurrence models, these predicted
changes could not produce the expected results on fire occurrence, which may seem
contradictory at first: if flammable conditions are expected to become more widespread
and fire frequency is somewhat predictable, fire occurrence should be expected to increase.
However, such an assumption would only hold if the primary fire driver across biomes
were the climate –which is not true, since human-induced fires are prevalent in all Brazilian
biomes (Pivello et al., 2021).

Our results indicate no overall sensitivity pattern for fire-dependent biomes, and
only the Pantanal followed our expectations of low sensitivity, while both Cerrado and
Pampa were among the biomes that were most sensitive to the evaluated fire-related
climatic conditions, together with the fire-independent biome (Caatinga). Contrary to
expectations, fire-sensitive biomes presented the lowest vegetation sensitivities compared
to other biomes. These tropical forests could be operating at different timescales with
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regard to their expected sensitivity to potential precipitation thresholds identified in these
systems (Lenton et al., 2008; Seddon et al., 2016), while the enhanced sensitivity of the
Caatinga could indicate a potential relationship between vegetation cover and phenology
with precipitation changes (Barbosa, Huete & Baethgen, 2006; Seddon et al., 2016).

Although most of the Brazilian fire-dependent and fire-sensitive biomes have high
resilience to a gradual increase in climatic stress, and consequently have low vulnerability,
Pampa, Atlantic Forest and the fire-independent biome are likely to have low resilience
and be highly vulnerable (Anjos & De Toledo, 2018; Pinho et al., 2020). Consequently, we
found that most fire-dependent biomes presented low climate risk, partially corroborating
our risk hypothesis. However, the Cerrado biome presented a high risk, similar to that
of the fire-independent biome (Caatinga). Finally, the fire-sensitive biomes presented
opposite trends concerning risk: while the Amazon presented the lowest, the Atlantic
Forest presented the highest risk among the Brazilian biomes.

We used relative differences between biomes and between fire-dependent, fire-
independent, and fire-sensitive biomes to describe the overall patterns of climate risk,
considering the standard deviation as a measurement of uncertainty. In this sense, our
narrative is based on comparisons between biomes, whichwere ranked from lower to higher
susceptibility considering the different metrics used (e.g., hazard, resilience, vulnerability
index). Although we acknowledge that such comparisons are mostly descriptive, the
innovative combination of different metrics used in this study is a good starting point
for future studies, which could delve into more robust analyzes focusing on each of the
broader characteristics and overall patterns discussed here.

Perspectives on Brazilian environmental policies
The development of fire and climate management programs to preserve the integrity of
Brazilian biomes is paramount to reduce the most severe climate-related and fire-related
impacts in these systems. Although the 2021 26th Conference of the Parties (COP26) of the
United Nations Framework Convention on Climate Change (UNFCCC, a.k.a. ‘‘Climate
Convention’’) made clear statements concerning our proximity to reaching dangerous
tipping points for the climate system and the maintenance of the Amazon rainforest
(Walker, 2021), Brazil’s commitments to the convention goals were restricted to general
propositions of banning illegal deforestation by 2030 and becoming carbon neutral by
2050, with no proposed action plans (Fearnside, 2021).

Since Brazil’s public policies do not protect Brazilian biomes and the government
fails to avoid deforestation, fires, and climate change, the country is constantly under
economic pressure from international traders and consumers to prevent and decelerate
environmental destruction (Gibbs et al., 2015). Such pressure occurs mainly in the form
of conditions placed on imports of soy and beef, which are commodities related to the
increase in deforestation rates (Kehoe et al., 2019; Ferrante & Fearnside, 2021). Protecting
biodiversity should be a priority for Brazil for reasons that go beyond the country’s
interest in having access to international markets. Protected biodiverse landscapes create
truly regenerative and sustainable systems, enhancing food production while preserving
biodiversity (Kremen, 2020). The conservation of Brazilian biomes is of global importance
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since the benefits from its ecosystem services are not only local. Thus, actions must be
immediately strengthened to discourage and control intentional fires, stop deforestation,
and fight climate change.

CONCLUSIONS
The patterns of fire persistence and fire occurrence over time are related to human-induced
fires and key drivers of burning are likely to be intensified across Brazilian biomes in the
future, potentially increasing the magnitude of the fires and jeopardizing the integrity
of the biomes. Although climate change is not necessarily the leading cause of the fires
observed in fire-dependent, fire-independent, and fire-sensitive biomes, it is indeed likely
to potentialize fire occurrence and spread by creating appropriate climate conditions in
these biomes. Management actions should therefore prioritize programs to preserve the
integrity of Brazilian biomes and reduce the most severe climate-related and fire-related
impacts in these systems.
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Obligatory
Objective: Explanation/Inference
Objective: Transfer/Forecast
Optional 

Taxon 

Location

Type of predictors

Conceptual model

Assumptions

Model workflow

ODMAP protocol

Table S1. Synthesis of the modelling steps used to access the relationship between climate and fire occurrence following the 
ODMAP protocol described by Zurell et al. 2020. 

ODMAP section ODMAP subsection ODMAP elements

Overview

Authorship

 Authors: Luisa Maria Diele-Viegas, Lilian P. Sales, Juliana Hipólito, 
Claudjane Amorim, Eder J. A. L. Pereira, Paulo Ferreira, Cody Folta, Lucas 
Ferrante, Philip M. Fearnside, Ana Claudia Malhado, Carlos Frederico Duarte 
Rocha, Mariana M. Vale
 Contact email: luisa.mviegas@gmail.com

 Conceptual description of modelling steps: We confronted data of climatic 
predictors with fire occurrence to understand the particularities of this 
relationship in different Brazilian biomes and their consequences under 
different climate-change scenarios. By assuming that climatic conditions are 
at least partially responsible for fire occurrence, we modelled fire 
occurrence by highlighting climatically similar regions where fires were 
recorded, thus predicting the probability of fire occurrence through time and 
over geographic space.

Software, codes and data

 DOI

 Focal group: Fire occurrence

 Sampling design: Monitoring data from the AQUA_M-T satellite 

 Observation type: standardised monitoring data

 Response/data type: presence-only

 Modelling platform: R v. 3.5.1.; key packages: biomod2,  dismo, raster, and 
rgdal  Availability of data: fire occurrence: 
https://queimadas.dgi.inpe.br/queimadas/portal ; bioclimatic variables: 
https://www.worldclim.org/; Biomes' geographic boundaries: 
http://ibge.gov.br/). 

 Hypotheses: Climate change has a major role in fire occurrence of fire-
dependent biomes, potentially increasing it over time. In fire-independent 
and fire-sensitive biomes, climate change has a minor role in fire occurrence. 
In the future, fire occurrence is not likely to be impacted by climate change 
in fire-independent biomes, but can be indirectly affected in fire-sensitive 
biomes. 
  Critical model assumptions: Climatic conditions are at least partially 
responsible for fire occurrence

SDM algorithms

  Model algorithms: Bioclim, GLM, SVM
  Justification of model complexity: the model settings were chosen to yield 
simple, smooth response surfaces because we attempt to highlight 
climatically similar regions and relate them to the recorded fires in Brazil. By 
assessing the environmental conditions associated with fire events, it was 
possible to predict the probability of fire occurrence through time and over 
geographic space. 
  Is model averaging/ensemble modelling used? Yes

Model objective

 SDM objective/purposes: Ecological Inference < Forecast

 Main target output: suitable vs unsuitable area in the present and the 
future.

 Title: We're building it up to burn it down: Fire occurrence and fire-related 
climatic patterns in Brazilian biomes

 Bioclimatic

Biodiversity data overview

 Focal taxon: Fire occurrence

 Location of study area: Brazilian Biomes

Scale of analysis

 Spatial Extent (Lon / Lat): Brazilian territory ( -14° 14' 24.26" S,  -53° 10' 
49.81" W)
 Spatial resolution: 0.5° / 60 km²
 Temporal extent/time period: present (1970-2000) and future (2041-2060, 
named 2050; and 2081-2100, named 2090)

 Type of extent boundary: political (Brazil), natural (Biomes) 



Multicollinearity

Model settings 

 Models settings for all selected algorithms: GLM: family binominal, link 
logit; SVM: type C-svc (classification), with the ‘C’-constant of the 
regularization term in the Lagrange formulation (cost of constraints 
violation) setted to 1 and data scaled internally to zero mean and unit 
variance. 

 Details on data sources:  WorldClim version 2.1 (Fick & Hijmans, 2017; 
https://www.worldclim.org/)

 Spatial resolution and spatial extent of raw data: 2.5 arc-min / 5km²

 Justification if multicollinearity is not explicitly dealt with: To assess the 
relationship between climate and fire occurrence, we considered four 
bioclimatic variables whose links to fire frequency and intensity are well 
established (Oliveira-Júnior et al., 2020).

 Temporal resolution and temporal extent: historical (1970-2000) and 
future (2041-2060 and 2081-2100). 

 Details on data processing and on spatial, temporal and thematic scaling: 
data downscaled to 60km²

 Details on data processing and scaling: data downscaled to 60km²

 Quantification of novel environmental conditions and novel environmental 
combinations: distance to training data 

 Map projection (coordinate reference system): latitude/longitude

 temporal resolution: 20 years

 Models and scenarios used: two shared socioeconomic pathways (SSP) 
(Riahi et al., 2017), SSP2 45 and SSP5 85 (IPCC, 2021), and three general 
circulation models (GCMs) of the Coupled Model Intercomparison Project 
Phase Six (CMIP6) (Eyring et al., 2016) with particularly good performance in 
South America (Cannon, 2020): 1) Beijing Climate Center model (BCC-CSM2-
MR); 2) Institute Pierre Simon Laplace model (IPSL-CM6A-LR); and 3) Model 
for Interdisciplinary Research on Climate (MIROC6). 

 Details on data sources: WorldClim version 2.1 (Fick & Hijmans, 2017; 
https://www.worldclim.org/)

 Spatial extent raw:  5km²
  Final spatial resolution: ( -14° 14' 24.26" S,  -53° 10' 49.81" W)
 temporal extent/time period: 2050 (2041-2060), 2090 (2081-2100)

 Selection of training data (for model fitting): 30% of fire-occurrence 
records measured the performance of models fitted to the remaining 70% of 
the records. 
 Selection of validation data: We used the cross-validation method and ran 
ten replicates for each algorithm (in a total of 30 models) to increase the 
robustness of the results.

 Details on absence data collection: we randomly sampled 10,000 
pseudoabsences for the BIOCLIM and GLM algorithms while maintaining 
occurrence prevalence for SVM

Data

Focal group data

Data partitioning

Predictor variables

Transfer data for projection

 Predictor variables used: two annual variables (annual mean temperature; 
BIO1, and annual precipitation; BIO12) and two variables related to the dry 
(or fire-prone) season (mean temperature of the driest quarter; BIO9, and 
precipitation of the driest quarter; BIO17)

 Number of observations: 4,546,557 
 Country/region masl: Brazil

 Details on data cleaning/filtering steps: Duplicates, equal coordinates, 
zeros, and fire occurrences outside the area of interest (i.e., the Brazilian 
territory). After filtering, we randomly subsampled 1% of the filtered 
occurrence points (N = 4463) to proceed with the analysis.



Model estimates

Model selection / Model 
averaging / Ensembles

Prediction Prediction output

 Expert judgement: inspection of the spatial predictions

 Assessment of model coefficients: The best models were selected based on 
an Area Under the Curve (AUC) over 0.7 (Hanley & McNeil, 1982), True Skill 
Statistic (TSS) over 0.3, and Threshold over 0.8. The threshold was calculated 
as the point at which the sum of the sensitivity (true positive rate) and 
specificity (true negative rate) was highest (Hijmans et al., 2017; Shabani, 
Kumar & Ahmadi, 2018).

 Prediction unit: continuous thermal adequability for fire occurrence

 Performance  statistics estimated on validation data: The best models were 
selected based on an Area Under the Curve (AUC) over 0.7 (Hanley & 
McNeil, 1982), True Skill Statistic (TSS) over 0.3, and Threshold over 0.8. The 
threshold was calculated as the point at which the sum of the sensitivity 
(true positive rate) and specificity (true negative rate) was highest (Hijmans 
et al., 2017; Shabani, Kumar & Ahmadi, 2018).

 Ensemble method: A final consensus map was obtained by weighting the 
cell-based prediction of fire probability by the accuracy of the parent model. 



Replica Algorithm AUC TSS Threshold
1 bioclim 0,622788779 0,188519 0,24633406
1 domain 0,654010737 0,266134 0,76840976
1 glm 0,648222215 0,246761 0,45856625
1 svm 0,704363184 0,332935 0,88537412
2 bioclim 0,634035829 0,196835 0,20380525
2 domain 0,661415314 0,268706 0,74801882
2 glm 0,665403762 0,262834 0,50684868
2 svm 0,705128619 0,339478 0,92621512
3 bioclim 0,627288757 0,200328 0,10956197
3 domain 0,660553528 0,264097 0,75331631
3 glm 0,664042438 0,269863 0,4684029
3 svm 0,702136352 0,324457 0,71566529
4 bioclim 0,63381418 0,191225 0,27710871
4 domain 0,663791014 0,254212 0,7737497
4 glm 0,663769925 0,277586 0,35586596
4 svm 0,695430219 0,338986 0,86636073
5 bioclim 0,642311703 0,204381 0,22653252
5 domain 0,678858208 0,290494 0,75246191
5 glm 0,663720302 0,238804 0,46583192
5 svm 0,708861508 0,33376 0,91162636
6 bioclim 0,636629871 0,197817 0,2699128
6 domain 0,665988072 0,26389 0,75010885
6 glm 0,664295101 0,260387 0,49356978
6 svm 0,697451529 0,329536 0,88105235
7 bioclim 0,615065374 0,162303 0,26110359
7 domain 0,651107792 0,244703 0,74977134
7 glm 0,645480545 0,264223 0,46938737
7 svm 0,68547502 0,304062 0,77145115
8 bioclim 0,614744065 0,162219 0,16848835
8 domain 0,660517965 0,262268 0,75232267
8 glm 0,660778072 0,279186 0,478838
8 svm 0,691302827 0,33986 0,82616943
9 bioclim 0,641997425 0,214082 0,1317822
9 domain 0,668161973 0,272028 0,75409164
9 glm 0,65821339 0,248718 0,42621215
9 svm 0,688794385 0,310812 0,87960101

10 bioclim 0,644742816 0,213567 0,1314621
10 domain 0,677100314 0,286758 0,74149422
10 glm 0,67891238 0,291858 0,51191377
10 svm 0,716517508 0,360311 0,90699361

Table S2. Area Under the Curve (AUC), True Skill Statistic (TSS), 
and Threshold of all evaluated algorithms. We considered only 
those with AUC > 0.7, TSS > 0.3 and Threshold > 0.8 to be 



NFDC Biome 2050 SSP2 45 2090 SSP2 45 2050 SSP5 85 2090 SSP5 85

Cerrado 8,07 12,2 10,54 22,67

Pampa 7,59 10,91 9,43 19,85

Pantanal 7,66 11,7 9,98 21,55

Fire-Independent Caatinga 6,86 10,22 8,79 18,83

Amazon 7,51 11,21 9,69 21,21

Atlantic Forest 7,24 10,98 9,415 20,04

Atlantic Forest NE 6,05 9,19 7,86 16,8

Atlantic Forest SE 8,43 12,77 10,97 23,28

NFDC Biome 2050 SSP2 45 2090 SSP2 45 2050 SSP5 85 2090 SSP5 85

Cerrado 8,59 13,11 11,15 24,47

Pampa -4,82 0,06 1,27 6,05

Pantanal 8,43 12,93 11,14 26,17

Fire-Independent Caatinga 6,98 10,4 8,88 18,91

Amazon 8,2 12,37 10,82 23,62

Atlantic Forest 7,34 12,01 10,3 22,685

Atlantic Forest NE 6,37 9,82 8,63 17,91

Atlantic Forest SE 8,31 14,2 11,97 27,46

NFDC Biome 2050 SSP2 45 2090 SSP2 45 2050 SSP5 85 2090 SSP5 85

Cerrado 0,32 -1,11 -0,44 -1,96

Pampa 2,84 6,22 5,07 14,1

Pantanal 1,58 -2,65 0,55 1,3

Fire-Independent Caatinga -1,93 -4,42 -4,58 -9,55

Amazon -3,43 -4,45 -4,46 -9,37

Atlantic Forest -3,075 -5,81 -5,57 -8,045

Atlantic Forest NE -7,42 -12,97 -12,59 -20,81

Atlantic Forest SE 1,27 1,35 1,45 4,72

NFDC Biome 2050 SSP2 45 2090 SSP2 45 2050 SSP5 85 2090 SSP5 85

Cerrado -5,07 -6,01 -5,07 -7,47

Pampa -2,77 0,38 -2 5,87

Pantanal -6,11 -7,12 -3,09 -6,26

Fire-Independent Caatinga -9,98 -14,3 -13,69 -19,71

Amazon -4,36 -9,15 -8,24 -18,05

Atlantic Forest -10,555 -11,695 -11,765 -15,245

Atlantic Forest NE -14,3 -18,94 -19,56 -28,23

Atlantic Forest SE -6,81 -4,45 -3,97 -2,26

Fire-Dependent

Fire-Sensitive

Table S3. Changes in annual mean temperature, mean temperature of driest quarter, annual precipitation and precipitation of 
driest quarter (%). NFDC = Natural-Fire Dependence Classification. 

Annual mean temperature (%)

Mean Temperature of Driest Quarter (%)

Annual Precipitation (%)

Precipitation of Driest Quarter (%)

Fire-Dependent

Fire-Sensitive

Fire-Dependent

Fire-Sensitive

Fire-Dependent

Fire-Sensitive



NFDC Biome Δp RWAF ΔσT ΔσP nΔp nRWAF nΔσT nΔσP RCCI Δp RWAF ΔσT ΔσP nΔp RWAF nΔσT nΔσP RCCI
Cerrado 0,32 0,50 8,59 5,07 0,00 0,00 1,00 1,00 13,66 1,11 0,20 13,11 6,01 0,00 0,00 2,00 1,00 32,23
Pampa 2,84 -0,20 4,82 2,77 0,00 0,00 0,00 0,00 0,00 6,22 -0,62 0,06 0,38 1,00 0,00 0,00 0,00 6,22

Pantanal 1,58 0,55 8,43 6,11 0,00 0,00 1,00 1,00 14,54 2,65 0,29 12,93 7,12 0,00 0,00 2,00 1,00 32,98
Fire-Independent Caatinga 1,93 0,16 6,98 9,98 0,00 0,00 1,00 1,00 16,96 4,42 -0,19 10,40 14,30 0,00 0,00 2,00 2,00 49,40

Amazon 3,43 0,51 8,20 4,36 0,00 0,00 1,00 0,00 8,20 4,45 0,20 12,37 9,15 0,00 0,00 2,00 1,00 33,89
Atlantic Forest (Averaged) 4,35 0,01 7,34 10,56 0,50 0,00 1,00 1,50 28,76 7,16 -0,36 12,01 11,70 1,00 0,00 1,50 1,00 51,02

Atlantic Forest NE 7,42 -0,17 6,37 14,30 1,00 0,00 1,00 2,00 42,39 12,97 -0,55 9,82 18,94 2,00 0,00 1,00 2,00 73,64
Atlantic Forest SE 1,27 0,18 8,31 6,81 0,00 0,00 1,00 1,00 15,12 1,35 -0,16 14,20 4,45 0,00 0,00 2,00 0,00 28,40

NFDC Biome Δp RWAF ΔσT ΔσP nΔp RWAF nΔσT nΔσP RCCI Δp RWAF ΔσT ΔσP nΔp RWAF nΔσT nΔσP RCCI
Cerrado 0,44 0,10 11,15 5,07 0,00 0,00 2,00 1,00 27,37 1,96 0,98 24,47 7,47 0,00 0,00 4,00 1,00 105,35
Pampa 5,07 -0,60 1,27 2,00 1,00 0,00 0,00 0,00 5,07 14,10 -0,61 6,05 5,87 2,00 0,00 1,00 1,00 40,12

Pantanal 0,55 0,15 11,14 3,09 0,00 0,00 2,00 0,00 22,28 1,30 1,10 26,17 6,26 0,00 1,00 4,00 1,00 112,04
Fire-Independent Caatinga 4,58 -0,24 8,88 13,69 0,00 0,00 1,00 2,00 36,26 9,55 0,22 18,91 19,71 1,00 0,00 4,00 2,00 124,61

Amazon 4,46 0,11 10,82 8,24 0,00 0,00 2,00 1,00 29,88 9,37 1,09 23,62 18,05 1,00 0,00 4,00 2,00 139,95
Atlantic Forest (Averaged) 7,02 -0,39 10,30 11,77 1,00 0,00 1,50 1,00 48,44 12,77 -0,12 22,69 15,25 2,00 0,00 4,00 2,00 188,82

Atlantic Forest NE 12,59 -0,57 8,63 19,56 2,00 0,00 1,00 2,00 72,93 20,81 -0,48 17,91 28,23 4,00 0,00 4,00 4,00 267,80
Atlantic Forest SE 1,45 -0,22 11,97 3,97 0,00 0,00 2,00 0,00 23,94 4,72 0,23 27,46 2,26 0,00 0,00 4,00 0,00 109,84

Fire-Sensitive

2050 2090

2050 2090
SSP5 85

SSP2 45

Table S4. Factors used for calculating the Regional Climate Change Index (RCCI) considered a proxy for Climate Hazard. ∆P is the percentage of change in BIO12 (annual precipitation) recovered for each biome; ΔσP is the interannual variability of 
precipitation; ΔσT is the interannual variability of temperature; and RWAF is the Regional warming Amplification Factor, i.e., the difference between the change in BIO1 (annual mean temperature) recovered for each biome and the mean global 
temperature change (2°C and 2.7°C in SSP2 45 and 2.4°C and 4.4°C in SSP5 85, considering 2050 and 2090, respectively (IPCC, 2021)). n∆P, nΔσP, nΔσT, and nRWAF are the empirical factors that depend on the magnitude of the involved change (see Table 
1). NFDC = Natural-Fire Dependence Classification.

Fire-Sensitive

Fire-Dependent

Fire-Dependent



NFDC Biome Sensitivity ± SD Vegetation Loss (%) Non-protected area (%)

Cerrado 19.02 ± 6.05 47,60% 97,40%
Pampa 20.02 ± 3.74 50,20% 99,60%
Pantanal 13.87 ± 3.33 36,90% 97,10%

Fire-Independent Caatinga 19.61 ± 3.70 41,50% 98,90%
Amazon 16.53 ± 3.62 18,30% 90,10%
Atlantic Forest 14.66 ± 3.09 86,50% 98,10%

Atlantic Forest NE 12.32 ± 3.08 84,90% 98,70%
Atlantic Forest SE 16.99 ± 3.09 88,10% 97,40%

Fire-Dependent

Table S5. Vegetation sensitivity, forest loss, non-protected areas and resilience status of Brazilian Biomes. NFDC = 
Natural-Fire Dependence Classification. 

Fire-Sensitive



2050 2090 2050 2090 2050 2090 2050 2090

  Cerrado 0,63 0,78 13,66 32,23 27,37 105,35 19,02 47,6 97,4 72,5 11,725 160,16 377,90 320,91 1235,23

  Pampa 0,63 0,19 0 6,22 5,07 40,12 20,02 50,2 99,6 74,9 13,425 0,00 83,50 68,06 538,61

  Pantanal 0,63 0,88 14,54 32,98 22,28 112,04 13,87 36,9 97,1 67 6,4 93,06 211,07 142,59 717,07

Fire-Independent   Caatinga 0,61 0,64 16,96 49,40 36,26 124,61 19,61 41,5 98,9 70,2 10,87 184,36 536,98 394,15 1354,51

  Amazon 0,63 0,62 8,2 33,89 29,88 139,95 16,53 18,3 90,1 54,2 1,33 10,91 45,07 39,74 186,13

Atlantic Forest 0,72 0,49 28,755 51,02 48,44 188,82 14,66 86,5 98,1 92,3 19,445 559,14 992,08 941,92 3671,60

Fire-Dependent

Fire-Sensitive

Vi

Climate Risk
SSP2 45 SSP5 85

NFDC Biome

Table S6. Synthesis of the results concerning Fire Persistence over time (FPt), Fire Occurrence Suitability (FOS), Climate Hazard, Vegetation Sensitivity Index (FSI), Percentage of Vegetation 
Loss (VL), Percentage of Non-Protected Area (NPA), Resilience Status (R), Vulnerability Index (Vi), and Climate Risk. Hazard and Climate Risk are described per scenario  (SSP2 45 and SSP5 85) 
and year (2050 and 2090). NFDC = Natural-Fire Dependence Classification. Colours represent aspects that make them more (red) or less (green) susceptible to that characteristic than the other 
biomes.

FPt FOS SSP2 45 SSP5 85
Hazard

VSI VL NPA R


