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Abstract
Global burned area has declined by nearly one quarter between 1998 and 2015. 
Drylands contain a large proportion of these global fires but there are important 
differences within the drylands, for example, savannas and tropical dry forests (TDF). 
Savannas, a biome fire- prone and fire- adapted, have reduced the burned area, while 
the fire in the TDF is one of the most critical factors impacting biodiversity and carbon 
emissions. Moreover, under climate change scenarios TDF is expected to increase its 
current extent and raise the risk of fires. Despite regional and global scale effects, 
and the influence of this ecosystem on the global carbon cycle, little effort has been 
dedicated to studying the influence of climate (seasonality and extreme events) 
and socioeconomic conditions of fire regimen in TDF. Here we use the Global Fire 
Emissions Database and, climate and socioeconomic metrics to better understand 
long- term factors explaining the variation in burned area and biomass in TDF at 
Pantropical scale. On average, fires affected 1.4% of the total TDF' area (60,208 km2) 
and burned 24.4% (259.6 Tg) of the global burned biomass annually at Pantropical 
scales. Climate modulators largely influence local and regional fire regimes. Inter- 
annual variation in fire regime is shaped by El Niño and La Niña. During the El Niño 
and the forthcoming year of La Niña, there is an increment in extension (35.2% and 
10.3%) and carbon emissions (42.9% and 10.6%). Socioeconomic indicators such as 
land- management and population were modulators of the size of both, burned area 
and carbon emissions. Moreover, fires may reduce the capability to reach the target 
of “half protected species” in the globe, that is, high- severity fires are recorded in 
ecoregions classified as nature could reach half protected. These observations may 
contribute to improving fire- management.
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1  |  INTRODUC TION

Globally biomass burning emits 2.55 Pg of carbon (C) per year, 
with a decadal increase of ~20% (Akagi et al., 2011). The contri-
bution to C emissions varies among the ecosystems (Abatzoglou 
et al., 2018; Murphy et al., 2019), with a massive influence of savan-
nas and tropical forest biomes (Andreae & Merlet, 2001; van der 
Werf et al., 2017), due to vegetation propensity to burn and its large 
fuel loads (Pan et al., 2011; van der Werf et al., 2017). According 
to the GFEDv4 (Global Fire Emissions Database) in the Pantropical 
region, the mean annual C emission by fires is 1.27 Pg (Randerson 
et al., 2018). Analysis, both at country (Corona- Núñez et al., 2020) 
and global scales (van der Werf et al., 2017; Yin et al., 2020), showed 
the large spatial and temporal variability in tropical fires.

Fire regime is the result of the influence of biophysical modulators, 
climate and weather, and social drivers (Archibald et al., 2013; Corona- 
Núñez et al., 2020; Rogers et al., 2020; van der Werf et al., 2017). On 
the one hand, it has been recognized that global climatic anomalies in-
fluence fires dynamics (Chen et al., 2016; Corona- Núñez et al., 2020; 
Yin et al., 2020), as it is on its spatial and temporal patterns, modifi-
cations on land- atmosphere C fluxes, particularly, reducing its poten-
tial uptake by vegetation (Exbrayat et al., 2018; Murphy et al., 2019). 
Complementarily, others have found that weather influences soil and 
vegetation moisture, which in return, may facilitate or suppress fire 
(Jiang et al., 2020; van der Werf et al., 2017; Zubkova et al., 2019). 
On other hand, fires are mostly human- induced. Different authors 
(Andela et al., 2017; Archibald et al., 2009; Chuvieco et al., 2008; 
Jiang et al., 2020; Zubkova et al., 2019) have identified that popula-
tion, gross domestic product, land- use/land- cover type, road density 
and livestock are key drivers of fires. However, those studies have 
been focused on the understanding of burned area in savannas, and 
there is still a knowledge gap on other drylands or their correspond-
ing C emissions, i.e., tropical dry forest or steppe (Bastin et al., 2017). 
Moreover, there is a limited understanding of the interactions be-
tween biophysical and socioeconomic drivers over different spatial 
scales (Harrison et al., 2021; Vigna et al., 2021).

Global burned area has declined by nearly one quarter between 
1998 and 2015 (Andela et al., 2017). However, the tropical ecosys-
tems still exhibit the largest C emissions from fires as well as burned 
areas (Andela & van der Werf, 2014; Yin et al., 2020). Different au-
thors have suggested that under climate change scenarios, global 
fires are expected to rise in severity and frequency (Adams, 2013; 
Masson- Delmotte et al., 2021; Westerling et al., 2006), while others 
have found that savannas have reduced their burned area (Andela 
et al., 2017; Zubkova et al., 2019). Moreover, decadal changes in El 
Niño over tropical land areas have promoted substantial variability in 
the “wet convergent regimes get wetter” and “dry divergent regimes 
get drier” (Gu & Adler, 2018). Thus, it is expected that per fire event 
will raise the burned biomass and the immediate C emissions to the 
atmosphere. Therefore, the understanding of key factors that can 
explain the spatiotemporal variability of fire occurrence in tropical 
regions is necessary to implement appropriate ecosystems manage-
ment approaches to mitigate such threats.

According to the Coupled Model Intercomparison Project Phase 
6 (CMIP6) simulations for the Shared Socioeconomic Pathways (SSPs) 
SSP1- 2.6 by 2100, globally the temperature would rise between 0.6– 
2.0°C, and up- to 5.7 for the SSP8.5 (Masson- Delmotte et al., 2021). 
Moreover, precipitation would reduce between 0.2% and 12.9% for 
the SSP1 and SSP8.5, respectively. As a result, the global aridity 
will enhance the expansion of drylands (Wang et al., 2021). Under 
these future climatic conditions, the tropical forest will exhibit 
water stress and larger and more severe fires, particularly in dry-
lands. Moreover, others have suggested that there is a global shift 
in the pyrogeography from savanna dominated to forest dominated 
(Andela et al., 2017; Jiang et al., 2020). For example, under climate 
change scenarios savannas are expected to reduce their fire risk 
due to a suppression of fuel accumulation and fragmentation (Jiang 
et al., 2020). Meanwhile, the tropical dry forests (TDF) in the im-
mediate future will increase their risk of fires due to the rise of fuel 
flammability (Fischlin et al., 2009; Hartung et al., 2021).

It is recognized that the tropics cover a high proportion of the 
global fires, including high fire densities (Chuvieco et al., 2008). 
However, there are important biological differences within these 
ecological- zones, particularly the TDF and the savannas (Griffith 
et al., 2017; Pennington et al., 2018). Therefore, what is the tropi-
cal dry forest? TDF is defined as a vegetation type typically dom-
inated by >50% of deciduous trees, mean annual temperature is 
≥25°C, total annual precipitation ranges between a minimum of 
250– 700 and up- to 2000 mm, and there are ≥3 dry months every 
year (Sanchez- Azofeifa et al., 2005; Tanjina- Hasnat & Kamal- 
Hossain, 2020), and, unlike the savanna biomes, TDFs are character-
ized by woody tall (>10 m) vegetation with no C4 grass layer and have 
an intermediate shade- tolerant tree layer, with a litter layer floor 
and occasional patches of herbaceous plants including C3 grasses 
(Charles- Dominique et al., 2015). Complementarily, savannas are 
characterized by traits favouring the survival of frequent fires and 
high herbivore pressure, with a continuous C4 grasses layer and a 
discontinuous tree cover (Charles- Dominique et al., 2015). These 
factors contrast to TDF, frequent fires and/or intense herbivory are 
key positive feedback maintaining savannas (Ratnam et al., 2011; 
Sankaran et al., 2008; Staver et al., 2011). Furthermore, TDF is more 
vulnerable to wildfires than any other forest (Janzen, 1988a; Murphy 
& Lugo, 1986). Despite a substantial proportion of TDF (~75% of 
the total area) being subject to frequent and/or intermediate fire 
return times (Archibald et al., 2013), its flora is not adapted to fire 
(Dexter et al., 2018) and show a limited post- fire recovery (Ratnam 
et al., 2011). Moreover, the TDF and its biodiversity are the most 
critically endangered (Dinerstein et al., 2017). In the regard, fires are 
a key driver of disturbance and biodiversity loss in the TDF.

Some forest ecosystems rely on periodic fires for successful 
stand regeneration (disturbance maintained systems) and fires 
are part of the natural ecosystem (Bruckman & Pumpanen, 2019). 
However, fires are a serious ecological threat to the TDF, limiting 
its restoration and maintenance of dry forest wildlands (Hartung 
et al., 2021; Janzen, 1988b). Moreover, anthropogenic disturbances 
are also important, some regions exhibited conversions up- to 95% 
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of its original extent, and about a third of the global population 
lives in this ecosystem (Miles et al., 2006). Also, different authors 
(Otterstrom et al., 2006; Verma et al., 2017) highlighted the neces-
sity to evaluate the interactions between fires and human activities, 
ecological domains, and climate. Under climate change scenarios 
the understanding of TDF is crucial because it may expand into 
areas that are currently dominated by humid forests (Siyum, 2020; 
Sunderland et al., 2015). However, it has been recognized that TDF 
suffer notable disregard from research and development strategies, 
resulting on lack of adequate awareness and policies to counteract 
the increasing vulnerability of people, ecosystem services and bio-
diversity (Corona- Núñez et al., 2021; Mendoza- Ponce et al., 2020; 
Siyum, 2020). Consequently, the understanding of how the TDF is 
affected by the dominant drivers is a major keystone for future socio- 
ecological land- management planning (Kalaba, 2014; Siyum, 2020), 
particularly for fire mitigation, biodiversity conservation and resto-
ration practices. Here we used the Global Fire Emissions Database 
to analyze the spatiotemporal dynamic of fires and biomass burning 
emissions in TDFs at a Pantropical scale between 1997 and 2020. 
The aims of this study are: (i) analyze the spatiotemporal variability 
of fire- severity in terms of burned area and biomass losses in TDFs 
in the Pantropic; (ii) provide further insights into the state of knowl-
edge of interactions between climate and human factors on TDF 
fires, and (iii) evaluate the long- term global impacts and implication 
of fires for the tropical dry forest biodiversity conservation to iden-
tify gaps and priority areas for further research and management 
activities.

2  |  METHODS

2.1  |  Data sources and predictor variables

We used the Global Fire Emissions Database, Version 4.1 
(GFED4s) (Randerson et al., 2018). Different studies have shown 
the applicability and reliability of this data (Bistinas et al., 2013; 
Brennan et al., 2019; Giglio et al., 2018; Randerson et al., 2018; 
Yin et al., 2020). GFED4s includes the monthly and daily fire 
burned above- ground biomass from 1997 to 2020, for all fire sizes 
including “small fires”. Burned area covers the period 1997– 2016. 
The information has a spatial resolution of 0.25°. We included 
small fires to fully capture fire dynamics across the TDF in the 
Pantropic. Agricultural practices in the TDF are characterized by 
small- size shifting cultivation including the use of fire (Hauser & 
Norgrove, 2013; Janzen, 1988a; Muimba- Kankolongo, 2018). To 
ensure that we dominantly evaluated the TDF ecosystem, we 
crossed the GFED4s database to the realms defined by Dinerstein 
et al. (2017), similar to others (Zubkova et al., 2019). The realms are 
redefined and updated from their previous version of the terrestrial 
ecoregions of the world (Olson et al., 2001). For this study, we 
included the Tropical & Subtropical Dry Broadleaf Forests and the 
TDF in Mato Grosso, Brazil (Biudes et al., 2022), and excluded 
the woody savannas from our analysis, such as the savannas 

of Africa, Australia and South America (Lehmann et al., 2011; 
Moncrieff et al., 2016). A total of 52 different ecoregions were 
included for six Pantropical regions: (i) Caribbean Islands, Central 
America, and Mexico (CEAM); (ii) Northern Hemisphere South 
America (including Colombia and Venezuela) (NHSA); (iii) Southern 
Hemisphere South America (including Bolivia, Brazil, Ecuador, and 
Peru) (SHSA); (iv) Southern Hemisphere Africa (including Angola, 
Madagascar, and Zambia) (SAHF); (v) Southeast Asia (including 
Cambodia, India, Laos, Myanmar, Sri Lanka, Thailand and Vietnam) 
(SEAS); and (vi) Equatorial Asia (EQAS) (Table S1).

To identify the main drivers of fires, we focused on characteriz-
ing the historical socio- ecological conditions (i.e. climatic, biophys-
ical and socioeconomic drivers) in TDF regions for each grid- cell 
at 0.25° resolution (Table S2). For this analysis, we used the most 
updated and improved biophysical and socio- economic data at the 
finest spatial resolution (Table S2). All the selected databases have 
been used, either for modeling climate change or have been updated 
based on the most recent climatic modeling. Therefore, our results 
would be comparable to more recent and future studies. Also, all the 
spatial information has a global coverage. Overall the spatial reso-
lutions range from 90- m up to 10- km, and are interpolated to the 
common GFED4s grid- cell of 0.25°.

Climatic variables such as temperature, precipitation and wind 
speed have been recognized as key drivers of moisture availability and 
fire propagation (Archibald et al., 2009). Some studies used weather 
conditions as drivers that modulate variations in ignition efficiency, 
fire spread rate and fire size (Andela et al., 2017; Jiang et al., 2020; 
van der Werf et al., 2017), while others included eco- climatic zones 
(Chuvieco et al., 2008). Contrasting to previous studies, we used the 
“near current climate” (1970– 2000) data from WorldClim version 2.1 
released in 2020′ (Fick & Hijmans, 2017) with a spatial resolution of 
1- km. We used the 19 current bioclimatic variables (Bio1 to Bio19, 
see Table S2), mean solar radiation, water vapor pressure and wind 
speed. All the bioclimatic variables are derived from the monthly 
temperature and rainfall values. The bioclimatic variables represent 
annual trends (e.g. mean annual temperature, annual precipitation), 
seasonality (e.g. annual range in temperature and precipitation) 
and extreme or limiting environmental factors (e.g. temperature 
of the coldest and warmest month, and precipitation of the wet 
and dry quarters) (Fick & Hijmans, 2017). Complementarily, from 
Trabucco and Zomer (2019) we used potential evapotranspiration, 
and Priestley- Taylor alpha coefficient (Lhomme, 1997). Precipitation 
and temperature alone have shown to be inadequate to measure the 
hydrological condition (Quan et al., 2013), we evaluated water defi-
ciency in the TDF based on two different aridity indexes. The first 
index considers annual precipitation and temperature (Lang index). 
The second index further includes reference evapotranspiration 
(Trabucco & Zomer, 2019). Lang aridity index is the ratio of annual 
precipitation to the mean annual temperature (mm/°C) (Lang, 1920). 
This index suggests that the rise of temperature increases water de-
ficiency and makes the air drier if not sufficiently recharged by pre-
cipitation and/or underground water (Quan et al., 2013). Trabucco 
and Zomers aridity index shows moisture availability/deficit for 
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potential growth of reference vegetation excluding the impact of soil 
mediating water runoff events.

Fuel availability relates to biomass favoring burning. NDVI has 
been used as a proxy of the conditions of vegetations, particularly 
to fuel availability (Jiang et al., 2020). However, we propose to use 
above- ground biomass (AGB) in live plants as a fuel load proxy, simi-
lar to others (Corona- Núñez et al., 2020; Tang et al., 2021). The AGB 
dataset refers to the epoch of the years 2000's with a spatial reso-
lution of 1- km (Avitabile et al., 2016). The AGB was transformed to 
above- ground carbon stocks (AGC) assuming a mean C concentra-
tion of 47.2% (Corona- Núñez et al., 2018). To estimate the potential 
biomass losses from fires, we assumed that the total fuel load refers 
to the AGB.

Socioeconomic factors have shown to be important drivers of 
deforestation, forest degradation and modulators of fires frequency 
and size. In this study, we evaluated population, richness, land acces-
sibility and land- management as drivers of fires (Andela et al., 2017; 
Archibald et al., 2009; Chuvieco et al., 2008; Zubkova et al., 2019). 
We included population density (GPWv4) and gross domestic prod-
uct (G- Econ v4) with a resolution of 30 arc- seconds (CIESIN, 2018). 
We evaluated the land accessibility by two means. First, we used 
altitude. Altitude has been a significant driver to understand for-
est degradation and deforestation in the tropics (Corona- Núñez 
et al., 2021; Mendoza- Ponce et al., 2018). Altitude comes from a dig-
ital terrain model with a spatial resolution of 90- m from the SRTM 
(Shuttle Radar Topography Mission— V.2.1, NASA). Secondly, we 
used road density at a resolution of 5 arc- min (Meijer et al., 2018). 
Roads have shown to be important drivers to explain burned area 
(Archibald & Roy, 2009; Zubkova et al., 2019) and TDF degradation 
(Corona- Núñez et al., 2021). To integrate land- management prac-
tices we included the proportion of croplands, irrigated agriculture 
(Ramankutty et al., 2010a) and pastures (Ramankutty et al., 2010b) 
within 5 arc- min grid- cell, similar approach undertaken by others 
(Andela et al., 2017; Archibald et al., 2009; Chuvieco et al., 2008; 
Zubkova et al., 2019). The global croplands, irrigated agriculture and 
pastures data set represents the proportion of land areas used in the 
year 2000. This data was estimated from MODIS and SPOT sensors 
combined with inventory data (Ramankutty et al., 2008).

2.2  |  Calculations and statistical analyses

To understand the spatial variability of fires, the data was evaluated 
with multiple geographical combinations. The finest analysis was 
performed at grid- level, followed by 52 ecoregions; 6 Pantropical 
regions; 4 Realm regions; Northern versus Southern Hemispheres 
and Pantropics. Complementarily, we added the ecological condi-
tions of each grid- cell by aggregating the aridity, fuel loads and the 
half protected ecoregion goals. Furthermore, we performed diverse 
temporal aggregations. From the GFED4s database, we derived the 
temporal variability of fires at seasonal scale by summing fire exten-
sion and biomass depletion by fires per grid- cell for each calendar 
month and annually.

We evaluated the fire- severity as the TDF burned biomass, 
which reflects the impact of the fire on ecosystem properties 
(Keeley, 2008). We considered the total area affected, annual bio-
mass losses, and the mean burned biomass divided by the burned 
area (mg of burned dry matter per hectare). Mean burned area re-
fers to the mean annual fire size within each- grid cell for the period 
1997– 2016. To reduce the spatial and temporal variability due to 
inter- annual variability, all the monthly and annual information was 
aggregated for the whole studied period (1997– 2020) by an arith-
metical mean. This aggregation enables a better understanding of 
dominant modifiers of fires without the influence of extreme climatic 
events such as El Niño and La Niña, or socioeconomic modifications. 
i.e., changes in presidential administrations are responsible of policy- 
driven shifts in national economy, which may promote political and 
economical crisis that may favor increases of deforestation and fires 
(Antonarakis et al., 2022; Simmons et al., 2018).

To represent the long- term amplitude of fires variability to the 
long- term mean, we calculated its standard deviation (SD) for the 
same period. To test the statistical similarity between observations 
we used the Wilcoxon rank- sum test (W- test) with continuity cor-
rection, assuming that the observations come from independent 
samples with different variances. The normality of the observations 
was evaluated with the Jarque- Bera test (JB- test). When the infor-
mation was not normally distributed, we LOG transformed the in-
formation before the calculation of the arithmetic mean and the SD. 
The uncertainty of our estimates is based on the confidence interval 
of each measurement taken into consideration during the analysis.

To identify drivers of burned area some authors have used: (1) 
linear regression (Andela et al., 2017; Zubkova et al., 2019) and (2) 
RandomForest (Archibald et al., 2009; Jiang et al., 2020). These re-
gressions aim to find the relationship between a dependent variable 
(burned area) and one or more independent variables (drivers) by 
minimizing the vertical difference. In both instances, these regres-
sions assume independence between predictor variables. However, 
climatic and anthropogenic factors often show antagonistic and 
non- linear behaviors (Aldersley et al., 2011). In this study, we asso-
ciate climatic and socioeconomic influencers of the affected area 
and burned biomass based on principal component analysis (PCA). 
We selected the PCA analysis because it allows for reducing the di-
mensionality of interrelated variables, providing insights into their 
interrelations and suggesting simpler interpretations of the original 
data (Jollife, 2002; Wilks, 2011), while retaining most of the vari-
ance of the original dataset (Jollife, 2002). Moreover, PCA solves 
the multicollinearity problem by the creation of the “components” 
among the original explanatory variables. These new components 
are uncorrelated and orthogonal to each other (Gwelo, 2019). 
Principal component rotation is used to simplify the interpretation 
of the PCs (dimensions) and to further separate the main direction 
of variability. The rotated PCA analysis identifies dominant variables 
that modify fire dynamics. We evaluated the resulting PC as risk in-
dices that combine multiple elements and that aim to represent bio-
physical and socioeconomic influencers affecting fire dynamics and 
fire characteristics (burned area and severity). The purpose of the 
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aggregation of variables of different nature is to identify fire- events 
from a socio- ecological perspective. In this form, we integrate addi-
tively biophysical conditions that influence fire dynamics (e.g., high 
water deficit or high fuel loads), and socioeconomic conditions that 
could induce fires and/or reinforce fire dynamics. The PCA infor-
mation was centered to zero and scaled to have a unit variance to 
equally weight the drivers. Varimax normalized rotation was applied 
to the retained PCs. All tests were performed with a 95% confidence 
level and were conducted using R software version 3.5.2 (R- Core- 
Team, 2018). We used the libraries raster (Hijmans et al., 2020), pca-
Methods (Stacklies et al., 2007) and factoextra (Alboukadel, 2020).

3  |  RESULTS

The TDFs cover 4,533,879 km2 (~3.3% of the total ice- free Earth's 
terrestrial surface) (Table S1). This area includes inland and islands. 
The total extent of the TDF has a slight difference between hemi-
spheres. The Northern Hemisphere (NH) contains 52.5% of the 
global TDF biome. In continental scales, the Neotropics contains the 
largest proportion of the total TDF surface (57.2%), followed by the 
Indomalayan (35.0%). A smaller representation was recorded, follow-
ing the order, Afrotropics (4.6%) > Australasia (3.1%) > Oceania (0.1%).

In the TDF, the mean altitude is 390 ± 432 m (mean ± 1 SD). 
Mean annual temperature is 25.2 ± 2.2°C and mean annual rainfall 
of 1195 ± 488 mm. The Lang aridity index largely falls within 10 to 
100 mm/°C with a mean of 47.3 ± 18.9 mm/°C. Solar radiation has a 
mean of 18,126 ± 1785 (kJ m−2 day−1), vapor pressure 2.2 ± 0.4 (kPa) 
and wind speed 1.9 ± 0.6 (m s−1). Socioeconomic factors show that 
across regions the road density is 317 ± 452 m per km2, crop systems 
cover 25.3 ± 24.7% of the land, and pastures 18.0 ± 19.9% of the land 
(Table S3). Together, cropland and pastures cover 43.3 ± 25.0%. In 
the Pantropic is estimated a fuel load of 18,907.2 Tg (Table S4), of 
which the majority is in the Southern Hemisphere (SH) (61.2%). The 
fuel load ranges from 1 to 283 Mg ha−1 (41.2 ± 7.5 Mg ha−1). SH dou-
bles the mean fuel loads (57.3 ± 2.8 Mg ha−1) to those estimated for 
the NH (24.7 ± 2.0 Mg ha−1) (p < .001).

3.1  |  Annual variability of fires

On average, fires affects 60,208 ± 9587 km2 (1.4% of total TDF's 
area) every year (Figure 1a) and a mean annual burned biomass of 
259.6 ± 86.4 Tg, with a burned biomass density of 42.1 ± 8.8 Mg ha−1 
(Figure 1b). Annual burned area is constrained in the NH (on average 
56.2 ± 6.5% of the total burned TDF land; Figure 1d), reflecting a 
similar proportion of the distribution of this ecosystem in this 
Hemisphere (see above). On average, fires in NH burn 83.6 ± 16.5 
Tg of biomass per year (Figure 1e) (35.1 ± 10.9% of the total 
burned TDF biomass) with an annually burned biomass density of 
24.9 ± 3.1 Mg ha−1. In contrast, while the SH exhibits lower burned 
areas than NH (175.9 ± 86.2; Figure 1g; p = .002), it shows more 
severe fire intensities (175.9 ± 86.2 Tg of burned biomass per year; 

representing 64.9 ± 10.9% of the Pantropical burned biomass) 
(p < .001) (with a greater burned biomass density than the Northern 
counterpart: 62.7 ± 15.6 Mg ha−1; Figure 1h; p < .001).

Total burned biomass in the TDF relates strongly to the total 
burned area at Pantropical scale (Figure 1c; r2 = .85, p < .001). 
This relationship is stronger in the SH (Figure 1i; r2 = .91, p < .001) 
than in the NH (Figure 1f; r2 = .66, p < .001), while burned area 
between hemispheres shows an inverse, but non- significant rela-
tionship (r2 = .03, p = .20), while burned biomass shows a positive 
but, also, non- significant relationship (r2 = .04, p = .19; Figure S1). 
Interestingly, the NH exhibits higher burned biomass in relation to 
a smaller affected area occurred in the years 2010, 2013 and 2014 
(Figure 1f), meanwhile, SH shows that higher severe fires were ob-
served in years 1999, 2000 and 2004 (Figure 1i).

3.2  |  Seasonal patterns of fires

Due to the large temporal variability of fires across the Pantropic, 
there are statistical differences among monthly burned areas per 
grid- cell (p < .001; Figure 2a). However, the monthly Pantropical 
burned area varied within the year and shows two modes (Figure 2a). 
The largest proportions of fires are constrained between January 
and May (49.4%) by the influence of NH (Figure 2b) and between July 
and October (35.8%) by the influence of fires in the SH (Figure 2c). 
In the NH, 89.2% of the annual burned area occurred during the pe-
riod December to May, meanwhile, in the SH most of the burned 
area is concentrated between June to November (86.5%). In both 
Hemispheres, these months correspond to winter (49.1%) and spring 
(38.9%) (Figure 2d). Summer and autumn are the seasons that show 
the lowest affected area (5.1% and 6.9%, respectively).

In the Pantropic, the largest burned biomass happens from July to 
October (59.1%), mainly driven by the influence of SH (Figure 2e– g). In 
the NH, 77.3% of the annual burned biomass is constrained between 
January and April, while in the SH it is 82.9% of its total burned bio-
mass. Moreover, spring and winter concentrate 45.7% and 46.4% of 
the Pantropic burned biomass, respectively (Figure 2h).

3.3  |  Spatial variability of burned area, burned 
biomass and fuel consumption

Fire dynamics are different across regions (Figures 3 and 4). The 
most extensive fires mainly happen in the SAHF (Afrotropics) 
(2452.1 ± 3.6 ha). All other regions exhibit less extensive fires, and 
the burned area decreased following the order CEAM (Neotropic) 
358.6 ± 6.0 ha > NHSA (Neotropic) 342.8 ± 3.6 ha > SHSA (Neotropic) 
257.5 ± 5.6 ha ~ SEAS (Indomalaya) 248.9 ± 6.9 ha > EQAS 
(Australasia) 134.2 ± 6.0 ha (Table S4). Only SHSA and SEAS show 
statistically similar values in burned areas (p = .08). In contrast, vari-
ations in burned biomass across the other regions were lower. Most 
burned biomass occurred in SAHF (55.0 ± 3.0 Gg) (p < .001). The 
SHSA (24.5 ± 5.2 Gg), SEAS (19.9 ± 4.1 Gg), CEAM (17.2 ± 2.7 Gg) and 
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EQAS (14.0 ± 2.8 Gg) are relatively similar (p > .05). EQAS regions do 
not differ to NHSA (12.2 ± 2.8 Gg) (p = .23) (Table S4).

Fires burn 3.2 ± 1.3% of the TDF biomass in the Pantropic 
(Figure 4d). However, the proportion of burned biomass in relation 
to the total biomass (fuel consumption) within the grid- cells varied 
across regions (Figures 3 and 4d; p < .001), decreasing in the order 
SAHF (3.3 ± 2.1%) > SHSA (1.4 ± 4.1%) > CEAM (1.0 ± 2.5%) > SEAS 
(0.8 ± 3.1%) > NHSA (0.5 ± 3.4%) > EQAS (0.2 ± 3.1%) (Figure 4d). 
Caatinga showed the largest mean proportion of burned fuel loads 

(28.0 ± 13.4%) and Irrawaddy dry forests (25.7 ± 0.1%), followed by 
Zambezian evergreen dry forests (18.2 ± 0.3%). The Madagascar dry 
deciduous forest was excluded from the analysis because of a poten-
tial incompatibility between datasets, its burned biomass represents 
186.8 ± 6.6% of the fuel loads (Table S4). The regions with the lowest 
proportion of burned biomass are the New Caledonia dry forests, 
Puerto Rican dry forests, Sierra de la Laguna dry forests, Lesser 
Antillean dry forests, Fiji tropical dry forests and Marianas tropical 
dry forests, all with values <0.1%.

F I G U R E  1  Time series of burned area (top row), burned biomass (middle row) and relationship between burned area and burned biomass 
(bottom row) between 1997 and 2020 at pantropical scale (a– c), and hemisphere partitioning (d– i). In the top and middle rows, the red line 
and shading refer to the mean ± 1 SD. In bottom row the red line expresses the regression line with the 95% confidence interval, with the 
year of each observation indicated in red. **Color online only.
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F I G U R E  2  Mean burned areas (a– c) and burned biomass (e– g) between 1997 and 2020 at pantropical scale, and hemisphere partitioning. 
Boxplots of the seasonality of burned areas (d) and burned biomass (h) in the pantropic. Different uppercase letters represent clusters of the 
monthly observations with statistically differences (p < .05).
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3.4  |  Climate and socioeconomic influences 
on fires

The first three components from the PCA for burned area and 
biomass account for 95.8% of the total variance of the dataset 
(Table S5). The loading factors of varimax normalized rotation can 
separate realms (Figure S2), Pantropical regions (Figure S3), arid-
ity classes (Figure S4), and biomass fuel loads (Figure S5) into two 

dominant groups: (1) classes affected by fire size (Afrotropic and 
Indomalayan; CEAM, SAHF, SEAS and NHSA; arid and semiarid re-
gions; and fuel loads ≥100 Mg ha−1), and (2) classes influenced by fire 
severity (Australasia and Neotropic; EQAS and SHSA; sub- humid re-
gions; and fuel loads ≥100 Mg ha−1).

The first three components from the PCA for the socioeconomic 
and biophysical drivers of fires account for 62.8% of the total vari-
ance of the dataset (Table S6). The PC biplot can be separated in 

F I G U R E  3  Distribution of burned area, burned biomass, and fuel consumption as the proportion of burned biomass in relation to the 
fuel load in (I) Neotropics including the regions Caribbean Islands, Central America, and Mexico (CEAM), northern hemisphere South 
America (NHSA) and southern hemisphere South America (SHSA), (II) Afrotropic containing the region southern hemisphere Africa (SAHF), 
(III) equatorial Asia (EQAS), and (IV) Southeast Asia (SEAS) between 1997 and 2020. Color bars show the magnitudes for the mean and 
its standard deviation. White background refers to NoData. Top row refers to the (a) mean and (b) standard deviation of burned area in 
hectares, while middle row expresses the (c) mean and (d) standard deviation of burned biomass in gg and the bottom row presents the  
(e) mean ratio of the burned biomass in relation to fuel load (this panel is complemented with Figure 4c). The bottom figure cannot be 
expressed with a standard deviation due to lack of annual fuel loads data, consequently mean burned biomass refers to the mean of the 
period 1997– 2020. In all cases, the information relates to a grid cell of 0.25° and they are the result of the multiple- year aggregation  
(1997– 2020). **Color online only. Map lines delineate study areas and do not necessarily depict accepted national boundaries.



1070  |    CORONA-NÚÑEZ and CAMPO

four quadrants (Figures 5 and 6; Figure S6). The first quadrant refers 
to water availability during dry season, driest month, and quarter, 
and the proportion of pasture cover. The second quadrant relates 
to water deficit (aridity, different combination of temperature data 
and fuel loads), the third quadrant groups refers to the socioeco-
nomic factors (gross domestic product, population density, and road 
density), anthropogenic covers (cropland and irrigated agriculture) 
and the fourth quadrant concentrates altitude, wind speed and 
mean diurnal range temperature. These factors influence dissimi-
larly the burned area, burned biomass and burned biomass density 
at Pantropical scale.

The PCA shows that the main drivers sorted by influence 
are: temperature indexes, altitude, aridity indexes, precipita-
tion indexes, fuel load, land- management, and socioeconomic 
factors (Figures 5 and 6). The top- three climatic variables re-
lated to temperature: Mean Temperature of Warmest Quarter 
(Bio10) > Max Temperature of Warmest Month (Bio5) > Annual 
Mean Temperature (Bio1). The aridity indexes performed simi-
larly but the Trabucco and Zomers aridity index showed a slightly 
stronger influence than Lang index. The climatic factors that 
modulate less importantly are Precipitation of Warmest Quarter 
(Bio18) ≥ Precipitation of Driest Month (Bio14) ≥ windspeed. 
Socioeconomic factors are mainly driven by land- management 
practices (cropland > irrigated agriculture > pastures) ≥ population 
density ≥ GDP ≥ road density.

Environmental and human drivers influence the size of 
the burned area and fire severity differently. In this study, we 
found that dominant drivers of fires could be categorized into 

three classes of burned area (small, moderate and large fires; 
Figure 5). The global mean of small (719.5 ± 582.1 ha), moderate 
(6786.9 ± 2932.2 ha) and large (17,427.1 ± 6784.2 ha) fires repre-
sent 67.3%, 15.2%, and 17.5% of the total burned area, respectively. 
In a similar manner, burned biomass is also categorized into three 
classes (small, moderate and severe fires). Small (23.1 ± 23.5 Gg), 
moderate (262.0 ± 146.7), and severe (1397.2 ± 303.4 Gg) repre-
sent 27.1%, 70.8% and 2.1% of the total burned biomass, respec-
tively. Interestingly, 80.2% of the total burned biomass happens in 
small- fires ≤5000 ha, while moderate (5000– 10,000 ha) and large 
(>10,000 ha) fires affect 10.8% and 9.0% of the total burned bio-
mass in the TDF, respectively.

Sub- classes of fires ≤5000 ha were influenced similarly by the 
same drivers. Small burned areas (≤5000 ha) showed that biophys-
ical and socioeconomic variables, such as the presence of pastures 
and cropland, impact similarly. Moderate fires (5000– 10,000 ha) 
are driven mainly by biophysical, and less importantly by socioeco-
nomic drivers. Large burned areas (>10,000 ha) are dominated by 
climatic drivers, particularly those related with water stress (tem-
perature, aridity metrics and precipitation; Figure 5). Small fires 
(≤100 Gg) are related similarly to biophysical and socioeconomic 
drivers. Moderate fires (100– 1000 Gg) are affected dominantly by 
biophysical drivers, but socioeconomic drivers and fuel loads have 
a moderate impact on the performance of these fires. In contrast, 
more severe fires (>1000 Gg of burned biomass) are mainly driven 
by climatic drivers, particularly those related to water deficit 
(Figure 6). Comparatively, mean burned biomass densities are af-
fected differently in dependence of the fire severity. Low- severity 

F I G U R E  4  Tropical dry forest burned area (a), burned biomass (b), burned biomass density (the ratio of burned biomass and burned area) 
(c), and proportion of burned biomass in relation to the fuel load (d). Pantropical regions are the Caribbean Islands, Central America, and 
Mexico (CEAM); equatorial Asia (EQAS); northern hemisphere South America (NHSA); southern hemisphere Africa (SAHF); Southeast Asia 
(SEAS); and southern hemisphere South America (SHAS). Different uppercase letters represent clusters of the regional observations with 
statistically differences (p < .05).



    |  1071CORONA-NÚÑEZ and CAMPO

fires (≤10 Mg ha−1) are equally affected by biophysical and socio-
economic drivers. High- severity fires (>10 Mg ha−1) are dominantly 
influenced by climatic factors and fuel loads, and less importantly 
to socioeconomic factors (Figure S6).

3.5  |  Influence of El Niño and La Niña on fires

In the Pantropics on average, the burned area in a year with-
out extreme climatic events (“No El Niño or La Niña year”) is 
56,174 ± 5830 km2, similar estimate to the whole period (p = .39). 
During the El Niño climatic events, the mean burned area is 

75,968 ± 5907 km2. This estimate represents 35.2% more af-
fected area than the annual mean without extreme climatic events 
(p < .001). The NH returned an increment of 21.7% burned area 
during El Niño (p = .037), while the SH was 53.0% (p = .002). We 
did not find any statistical difference to suggest that El Niño has a 
lagged effect on burned area or burned biomass (p > .52). During 
La Niña climatic events, burned area did not show any statistical 
difference to the annual mean in Pantropical, SH or NH scales 
(p > .48). The lagged effect of La Niña promoted an increment of 
burned area (10.3%, 6.5% and 15.3%, respectively to Pantropics, 
NH and SH) but this increment is not significant as for the annual 
mean values (p > .11; Figure 7).

F I G U R E  5  Principal components analysis biplots of the biophysical and socioeconomic influencers of burned area. Green symbols 
mean burned areas from 0.1 to 5000 ha; red symbols mean burned areas >5000 to 10,000 ha; lilac symbols mean burned areas >10,000 to 
30,000 ha. For abbreviations see Table S2. In Table S6 are reported all the objects in the spaces of the first three principal components. In 
Figure S7 is included a correlation matrix. **Color online only.
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The mean burned biomass during “No El Niño or La Niña year” 
is 235.8 ± 54.6 Tg, similar estimate to the whole period (p = .89). 
During El Niño fires are more severe (p < .01) and the mean 
burned biomass increments to 336.9 ± 93.7 Tg in the Pantropics, 
98.8 ± 12.8 Tg for the NH and 238.1 ± 89.9 Tg for the SH. These 
increments represent a rise of 42.9%, 23.0% and 53.1%, respec-
tively (p < .02). Conversely, during La Niña years, we recorded a 
reduction in burned biomass of 21.8%, 5.0% and 31.8%, for the 
same regions. In the Pantropic and SH, the difference is significant 
(p = .017 and .046, respectively). However, the forthcoming year 
after La Niña is a rise of 10.6%, 9.0% and 11.5%, respectively, in 
contrast to the “No El Niño or La Niña year”. However, there are 
not statistical differences (p > .31).

4  |  DISCUSSION

4.1  |  Pantropical burned area and biomass burning 
variability in tropical dry forests

Global studies have suggested that fires in drylands, including TDF 
and/or savannas, have reduced their frequency (Xu et al., 2021; 
Yin et al., 2020) and burned area (Jiang et al., 2020; Zubkova 
et al., 2019). These studies overtaken in the TDF have shown that 
fires have reduced their frequency when compared to the first 
decade of 2000s, a period of which fires emitted more C than to 
its subsequent decade when it was induced the recapture during 
postfire regrowth. Our study shows that there is a contrasting 

F I G U R E  6  Principal components analysis biplots of the biophysical and socioeconomic influencers of burned biomass. Green symbols 
mean burned biomasses from 0.1 to 100 gg; red symbols mean burned biomasses >100 to 500 gg; lilac symbols mean burned biomasses >500 
to 1000 gg; pink symbols mean burned biomasses >1000 to 2000 gg. For abbreviations see Table S2. In Table S6 are reported all the objects 
in the spaces of the first three principal components. In Figure S7 is included a correlation matrix. **Color online only.
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pattern in burned areas and burned biomass between hemispheres, 
and larger differences were recorded across ecoregions. For 
example, NH did not differ with its past trends in burned area, 
while the SH may suggest a slight reduction in the size of fires, 
but this can be only understood based on the dominant influence 
of cold global episodes (La Niña) between 2007 and 2010. A 
similar trend was observed for burned biomass. Moreover, our 
study supports that global fire dynamics in the TDFs are affected 
by climatic anomalies such as warmer or colder western/eastern 
Pacific Ocean based on the threshold of ±0.5°C for the Oceanic 
Niño Index (NOAA, 2021). El Niño and La Niña episodes explain 
inter- annual variability in biomass burning in tropical forests (Chen 
et al., 2016).

The climatic extreme events in the TDF are an important driver 
of global C cycle. El Niño has been suggested as a climatic phe-
nomenon that has impacted fire dynamics on continental (van der 
Werf et al., 2004) and national (Corona- Núñez et al., 2020) scales 
with lagged effects in the tropical forest biome (Liu et al., 2017). 
Particularly, during La Niña years the rainfall is enhanced promot-
ing an extended moisture period in soil and vegetation (Andela 
et al., 2013; Corona- Núñez et al., 2020), favoring the ecosystem 
productivity and fuel accumulation, which increases the fuel flam-
mability in subsequent dry years. Meanwhile during El Niño years 
the precipitation in the TDFs reduces, affecting the water content 
in live vegetation and in litter, which facilitates the propagation 
of fires by crown and surface fires. Drought modifies the spatial 
connectivity of dry fine fuels, and the surface weather conditions 
that promote rapid wildfire growth. The combined conditions of 
dry fine fuels and weather facilitate the development of large 
wildfires (Nolan et al., 2016). Our study shows that El Niño and 
La Niña periods have influence on extension and C emissions in 
TDF at Pantropical scale. We found that during El Niño the burned 
area in the TDF increases 35.2% and up- to 42.9% in C emissions. 
These estimates are higher than those reported by other authors 
for the Pantropics that indicated ranges between 4%– 5% (Burton 
et al., 2020) and 33% (Chen et al., 2017). Conversely, La Niña pro-
moted only reduction in burned biomass, similar results to other 

Pantropical study (Chen et al., 2017). Possibly we are recording for 
the first time a lagged effect of La Niña at Pantropical scale. This 
lagged effect induces increments in the amount of burned area 
and biomass in ~10% during the upcoming year, releasing part of 
the C that did not burn during La Niña's year, similar observation 
done for Mexico (Corona- Núñez et al., 2020).

4.2  |  Biophysical and human drivers of tropical dry 
forest fires

Fire dynamics in the TDF contrasts across the Pantropic. 
Topography, fuels, moisture and human conditions are key drivers 
locally, while climate modify fire severity at both local and regional 
scales (Archibald et al., 2009; Corona- Núñez et al., 2020; Fréjaville 
& Curt, 2017). This study suggests that in the TDFs there are emer-
gent patterns that arise from complex interactions between tem-
perature, water availability, fuel loads and socioeconomic factors. 
Our study suggests that local and regional- scale socioeconomic 
conditions explain the Pantropical biomass burning variability in 
TDF as occurs in other ecosystems (Andela et al., 2017; Arora & 
Melton, 2018; Bistinas et al., 2014; Ferrara et al., 2019; Zubkova 
et al., 2019). For example, fires tend to be grouped on “large af-
fected areas with low biomass burning” as occurs in the Afrotropic 
and Indomalayan biogeographic regions, or “small to large fires with 
higher biomass burning” as the case of the Neotropic. Moreover, 
fire severity shows large variability within the Neotropic; the SH of 
South America showed higher burned biomass densities than the 
Caribbean Islands, Central America, and Mexico, and the NH of 
South America. These differences in fire severity within Neotropic 
are related to the aridity, where fires in arid and semi- arid regions 
are related to larger burned areas. This contrasts with the sub- 
humid regions that are dominated by more severe fires (larger 
burned biomass). Our study supports that the affected area by 
fires is influenced locally by the ecosystem characteristics such as 
fuel loads that favored the fire spreads in the landscape (Arora & 
Melton, 2018; Bistinas et al., 2014; Xu et al., 2021).

F I G U R E  7  Boxplots of the influence of climatic anomalies on mean burned area and burned biomass between 1997 and 2020 at 
Pantropical scale. Regular refers to years without extreme climatic events (“No El Niño or La Niña year”). El Niño and La Niña refers to the 
climatic anomalies such as warm and cold global episodes based on a threshold of ±0.5°C for the Oceanic Niño Index (NOAA, 2021). Lagged 
refers to the forthcoming year after La Niña year. Different uppercase letters represent clusters with statistically differences (p < .05).
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The TDF can be seen as a water- limited ecosystem. The TDF 
exhibits a strong seasonality related to water availability (Corona- 
Núñez et al., 2018) that promotes fuel load accumulation and under 
dry conditions increases its flammability, similar observation to 
southern Congolese rainforest edges (Jiang et al., 2020). In this con-
text, in India local studies (Kodandapani et al., 2008) found that TDF 
with lower fuel loads were more related to larger and frequent fires 
than those TDF with higher fuel loads, similar observation were done 
by Bistinas et al. (2014) and our study. Also, in the TDF “small fires or 
small burned biomass” are more strongly related by the influence of 
socioeconomic conditions, including fire- induced management prac-
tices. Small fires are related to agricultural waste or prescribed burn-
ing in forest plantations (Andela et al., 2019; Randerson et al., 2012). 
Population, crops, and pastures in the TDF arise because regions 
with these conditions are related to rural population that base their 
subsistence on fire- induced land- management practices such as 
shifting cultivation (Vigna et al., 2021) or fire- induced grasses for 
cattle ranching (Corona et al., 2016; Trejo, 2008). Accessibility, crop-
land and cattle ranching management practices represent the main 
factors facilitating locally fire spread in the TDF, similar observa-
tion done for anthropogenic TDF disturbances in Mexico (Corona- 
Núñez et al., 2021) and for the African savannas (Andela et al., 2017; 
Zubkova et al., 2019).

Large and high- severity fires are controlled by climatic drivers, 
particularly those related to temperature and water stress. In the 
TDF, climate affects rainfall distribution within the year, and sea-
sonal drought impacts fuel abundance and composition through 
vegetation productivity and fuel water content. These conditions 
influence differently across the drylands. On the one hand, in the 
African savannas reductions in burned area related to mild de-
creases in humidity (Jiang et al., 2020). On the other hand, in the 
TDF low humidity dries out TDF plants and litter, raising the flam-
mability of fuel load. Moreover, we found that local and global cli-
mate conditions explain large fires with higher burned biomass. For 
example, water stress dominates the fire episodes in TDFs promot-
ing years of extraordinary lower or higher burned area or burned 
biomass. Consequently, fires may enhance its severity and fre-
quency under climate change scenario (IPCC, 2013). Interestingly, 
these results contrast to the socioeconomic factors that showed a 
limited influence on these types of fires, suggesting that climatic 
conditions are more related to wildfires dynamics. Moreover, small 
fires showed that are more influenced by socioeconomic drivers 
than large fires and severe fires. Therefore, to decreasing burned 
area and biomass losses and to promote C sequestration it is nec-
essary better fire- management controls and the improvement in 
agricultural practices by the integration of local and regional bio-
physical and socioeconomic conditions. Specifically, it is necessary 
to develop initiatives to avoid damage nearby areas when fires es-
cape control, particularly during drier years. Therefore, it is import-
ant to implement differential regional land- management practices 
between hemispheres and ecoregions to control fire severity.

Regional socio- economic conditions lead to fire dynamics in 
the TDFs. Our results support, as other global studies (Bistinas 

et al., 2013; Knorr et al., 2014), that regional socio- economic fac-
tors, such as population densities (with a peak at 20 people per 
km2; Arora & Melton, 2018), cropland densities and gross do-
mestic product, related to lower fire- affected areas (Archibald 
et al., 2009; Chuvieco et al., 2008). We found that ecoregions with 
population densities <10 people per km2 exhibit the largest burned 
areas and biomass burning. Human- dominated landscapes, such 
as large cropland densities resulted in higher affected area and 
burned biomass, similar to others (Andela et al., 2019), but oppo-
site to other global studies that found that the suppression of fire 
was mainly related to higher cropland fraction and/or population 
density, resulting on fragmentized landscapes that reduced the 
fire propagation (Harrison et al., 2021; Lasslop & Kloster, 2017). 
Interestingly, the larger the proportions of pastures, the lower 
mean burned area, similar observation done for other regions 
(Bistinas et al., 2014; Moreira et al., 2011). This can be related to 
the fact that pastures are transformed to more extensive man-
agement which does not need fire to induce grasses re- growth. 
Consequently, future global studies would be beneficial if they 
distinguish major global drylands types by subcontinental regions 
and its dominant socio- economic drivers. Also, fire management 
policies should aim in minimizing fire dispersal, and preventing its 
anthropogenic induced ignition during severe droughts.

4.3  |  Global impacts and implication of fires for the 
tropical dry forest conservation

There is ample literature that evaluates the impacts of major pres-
sures on the TDFs by different cumulative impacts over different 
temporal and spatial scales (Lü et al., 2021) such as deforestation 
and forest degradation by selective wood extraction (Corona- 
Núñez et al., 2021; Mendoza- Ponce et al., 2018; Xu et al., 2021) 
and fires (Corona- Núñez et al., 2020; Hartung et al., 2021; Yin 
et al., 2020). However, little is known about the consequences of 
fires on the TDF as a socio- ecological system. The socio- ecological 
system plays an important role for human well- being and preser-
vation of ecosystem services (Kalaba, 2014) and biodiversity. In 
this context, the impacts of fires in the TDF can be summarized by 
the next three examples. First, large proportions of TDF are burned 
with significant direct consequences on net biomass burning emis-
sions. Thus, fires in the TDF are an important net source of the 
global C emissions (Andreae, 2019; Randerson et al., 2012). Others 
(Xu et al., 2021) estimated emissions from global forest clearing 
of 0.66 PgC annually. Fires in the TDF represent 19.7% of these 
total global emissions. Also, our study suggests that 20.4% of the 
burned dry biomass estimated by the GFEDv4 in the Pantropic is 
related only to the TDF. Yet, the contribution of such C emissions 
varies spatially and temporally across the Pantropic. Second, fires 
endanger biodiversity. Information about how fires affects spe-
cies of plant and how they respond post- fires are contradictory, 
as well as if fires can be considered or not part of the TDF eco-
system naturally (Stan & Sanchez- Azofeifa, 2019). Some studies in 



    |  1075CORONA-NÚÑEZ and CAMPO

India have suggested the existence of fire- tolerant plant species 
in the TDF, while other global studies have suggested that TDF 
plants are not adapted to fires (Dexter et al., 2018; Kodandapani 
et al., 2008; Ratnam et al., 2011). In any case, it is recognized that 
fires modify composition, structure, and regeneration of this eco-
system (Andela et al., 2019; Hartung et al., 2021). These modi-
fications in the TDF together with climate change promote the 
invasion of species, change of species modifying its relative abun-
dances and composition, which returns in the modification of the 
ecological dynamic. Moreover, these ecological alterations may 
favor the. Consequently, this may reduce the potential C uptake 
post- fire and during the recovery of the ecosystem. Third, fires im-
pact differently across the ecoregions and may reduce the capability 
to reach the target of “half protected species” in the globe (Figure S8) 
(Dinerstein et al., 2017). For example, larger fires are dominant 
on nature imperiled ecoregions, while higher- severity fires are re-
corded in ecoregions classified as nature could reach half protected. 
Nature imperiled ecoregions are characterized by high levels of 
disturbance, in which fires reduce the potential sprout of native 
species, promoting a decrease in abundance in the community, 
particularly of native species that are less tolerant to disturbance. 
This condition difficult the natural regeneration of the ecosys-
tem, thus human intervention through restoration is necessary. 
Ecoregions classified as nature could reach half protected relates 
to regions with large extent of the native vegetation. In these re-
gions fires tend to affect much strongly the habitat and its species 
by modifying plants and animal distribution, particularly, because 
fires tend to be more severe. Moreover, ecoregions where nature 
could recover are influenced by both, large and intense fires, sug-
gesting that land- management practices need a local approach to 
minimize the spread and the impacts of fires. Finally, it is important 
to highlight that the disturbance promoted by fires would induce 
cascade effects locally by modifying the land use/cover change 
dynamics re- enforcing the impacts on C emissions and biodiver-
sity (Mendoza- Ponce et al., 2018, 2020; Pais et al., 2020).

We suggest that to reduce fire- severity, it is important to rec-
ognize differences in the socio- ecological constrains. The under-
standing of the fire characteristics locally are a major keystone 
to implement adequate land- management practices (Kalaba, 2014; 
Vigna et al., 2021). However, there are necessary to implement 
nature- based solutions through ecosystem- based adaptations to 
implement restoration and mitigation strategies. Thus, a holistic 
land- management policy should consider underlying factors that 
enhance or reinforce fires and its threats. With these in mind, re-
stored ecosystems should aim to achieve the ecological conditions 
prior to fire disturbance to enhance adaptability and resilience (Lü 
et al., 2021). Nevertheless, the understanding of those prior con-
ditions and the consequences of fires in terms of C stocks and 
emissions, and changes in biodiversity, structure and composition 
is a challenge.

Land- management of the TDF needs to be analyzed from a 
socio- ecological perspective to control and evaluate fires and the 
integration of the human dimension. Anthropogenic influencers 

may explain more frequent fires; thus, it is possible to reduce the 
magnitude in spatial and temporal characteristics of fires, resulting 
in improved conservation of the TDF and perform better resto-
ration practices. Managing shifting cultivation and cattle ranching 
by induced- grasses may play an important role for reducing forest 
fire- threats. Thus, the inclusion of local and regional communities 
in fire- management is important for the success of these projects.

Globally TDFs are endangered by different pressures, of which 
fires represent an important driver of disturbance. Under climate 
change scenarios, TDF would face important increments in their 
disturbances because of the rise of human pressures and stron-
ger droughts. Fires in the Pantropical dry forests show different 
spatiotemporal patterns. Our findings highlight the variation of 
fire- severity across ecoregions due to pronounced influence on 
year- to- year variations extension and severity of fires by El Niño and 
La Niña. Also, large variations in fires occurred across the Pantropic 
related to temperature and water deficit. Our findings help to ex-
plain the drivers of fires in TDF and may contribute to improving fire 
forecasts in this ecosystem. The degree of TDF degradation induced 
by fires is serious and it will continue to deteriorate the TDF unless 
effective protective and remedial actions are done. Consequently, 
the understanding of fire dynamics within a socio- ecological frame-
work is mandatory for the development of ecosystem- based adap-
tation strategies.
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