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1.  Introduction
Recent increases in deforestation and fire in the Brazilian Legal Amazon (BLA) have caused widespread 
concern and considerable media attention (Barlow et al., 2019). Deforestation results in biodiversity loss 
(Barlow et al., 2016) and large greenhouse gas emissions (Anderson et al., 2015). Fires also emit a range of 
air pollutants (Wiedinmyer et al., 2011), degrading air quality, and impacting public health (Reddington 
et al., 2015). However, the impacts of recent increases in deforestation and fire across the BLA on air quality 
have not been assessed. Here we combine satellite data on deforestation and fire with a regional air quality 
model to make a first estimate of how increased deforestation and fire across the BLA have degraded air 
quality.

Fires are the dominant source of fine particulate matter (PM2.5, particulate matter with an aerodynamic me-
dian diameter less than 2.5 μm) over the Amazon (Artaxo et al., 2013; Brito et al., 2014; Martin et al., 2010; 
Mishra et al., 2015; Reddington et al., 2016, 2019). Exposure to PM2.5 is a leading global and regional risk fac-
tor for public health (Cohen et al., 2017). Exposure to fire-derived PM2.5 has been shown to have adverse im-
pacts on public health (Butt et al., 2020; Johnston et al., 2012; Lelieveld et al., 2015; Nawaz & Henze, 2020; 
Reddington et al., 2015; Sant'Anna & Rocha, 2020). If Amazon fires could be prevented, it is estimated that 
the reduced exposure to PM2.5 would prevent 7,000 to 17,000 premature deaths annually (Butt et al., 2020; 
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recorded during 2003–2019, the number of active fire counts would have increased by an additional factor 
of 2 resulting in 7,900 (95UI: 7,600–8,200) additional premature deaths. Our analysis demonstrates the 
strong benefits of reduced deforestation on air quality and public health across the Amazon.

Plain Language Summary  Exposure to air pollution created from fires in the Amazon 
fires has detrimental impacts on human health. The number of active fires across the Brazilian Legal 
Amazon (BLA) has increased in recent years, but the reason for this increase has not been fully assessed 
to-date. Using a statistical model, we found that increases in BLA deforestation rate since 2012 increased 
dry season fire count in 2019 by 39%. Using a regional chemistry-climate model, we estimated that this 
increase in fire count resulted in 3,400 (95UI: 3,300–3,550) additional human deaths in 2019 due to 
increased population exposure to fine particulate matter air pollution. We also found that if deforestation 
in 2019 had increased to the maximum recorded during 2003–2019, the number of active fires would 
have increased by an additional factor of 2 resulting in 7,900 (95UI: 7,600–8,200) additional deaths. The 
findings of our analysis demonstrate the strong benefits of reduced deforestation on air quality and public 
health across the Amazon region.
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Johnston et al., 2012; Reddington et al., 2015). Greater understanding of the connections between land-use 
change, fire and air quality is therefore crucial to improving public health across the region (Reddington 
et al., 2015).

Amazonian fires result from a complex interplay between climate, vegetation, and people (Cochrane, 2003). 
Most fires occur in the dry season between July and November, peaking in September for the southern parts 
of the Basin (Chen et al., 2013; Martin et al., 2010). Droughts are strongly correlated with greater fire num-
ber (Aragão et al., 2007, 2018), increasing fire risk through reduced ground water and surface humidity (Ray 
et al., 2005). Statistical models have been developed that predict fire activity using sea surface temperature 
anomalies in the tropical Atlantic and Pacific (Chen et al., 2011; Fernandes et al., 2011; Lima et al., 2018). 
However, such predictions based solely on climate miss the important role of people in altering fire across 
the Amazon.

People make extensive use of fires across the Amazon to create and maintain agricultural land 
(Cochrane, 2003; Morton et al., 2008). Forests are cut in the wet season and the vegetation is left to dry 
before fires are lit to clear vegetation. The number of fires is therefore greater in years with more deforest-
ation (Aragão et al., 2008, 2018; Chen et al., 2013; Reddington et al., 2015). Fires can spread from recently 
cleared areas into surrounding forests. Deforestation and forest degradation result in a fragmented forest 
landscape that is more prone to fire (Alencar et al., 2015; Cano-Crespo et al., 2015). Understorey fires can 
cause large-scale tree mortality (Barlow et al., 2003; Brando et al., 2014), degrading the forest and impacting 
microclimate and leading to further susceptibility to fire (Cochrane et al., 1999). In recent years, extreme 
droughts have resulted in dry leaf litter (Ray et al., 2005) even in primary forest and large areas have burned 
(Withey et al., 2018).

Deforestation also alters regional climate, increasing local temperatures (Baker & Spracklen,  2019) and 
reducing regional rainfall (Spracklen & Garcia-Carreras, 2015; Spracklen et al., 2012; Zemp et al., 2017). 
Smoke from fires further reduces rainfall through interactions with clouds and radiation (Archer-Nicholls 
et al., 2016; Kolusu et al., 2015; Liu et al., 2020). Positive feedbacks between deforestation, drought, fire, and 
smoke exacerbate the potential for tipping points in Amazonian climate (Lovejoy & Nobre, 2018; Nepstad 
et al., 2008).

Large-scale deforestation of the Amazon started in the 1970s, and ∼15% of the original forested area had 
been deforested by 2010 (Aragão et al., 2014). Very few fires occurred in the Amazon before the onset of 
deforestation and fire emissions increased in line with deforestation (van Marle et al., 2017). Rates of de-
forestation in the BLA were high through the late-1980s and early-2000s, averaging 19,000 km2 per year 
between 1988 and 2005 (Assis et al.,  2019). Well-documented reductions in deforestation occurred after 
2004 (Aragão et al., 2014; Hansen et al., 2013) with deforestation rates declining by 75% to a minimum of 
4,571 km2 in 2012 (Assis et al., 2019). Reductions in deforestation across the Amazon between 2001 and 
2012 have been linked to reduced fire emissions and improved air quality preventing 400 to 1,700 premature 
deaths annually (Reddington et al., 2015). However, more frequent droughts in recent years (Marengo & Es-
pinoza, 2016) and increased forest degradation may have counteracted some of the reduction in fire activity 
due to declines in deforestation (Aragão et al., 2018).

Since 2012, rates of deforestation across the BLA have increased by a factor of 2, with 10,129 km2 deforested 
in 2019 (Assis et al., 2019; Barlow et al., 2019). The impact of this increased deforestation on the amount of 
fire is still uncertain (Aragão et al., 2018; Libonati et al., 2021; van Marle et al., 2017) and the impacts on air 
quality have not yet been fully assessed. To estimate the impact of increased deforestation on fire, we devel-
oped a model to predict dry season active fire count based on climate and deforestation. We used this model 
to predict how the number of fires in 2019 would change under different deforestation scenarios. Finally, 
we used a climate-chemistry model and exposure-response associations to simulate the air quality impacts 
under these different deforestation scenarios.
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2.  Method
2.1.  Satellite Data

2.1.1.  Aerosol Optical Depth Measurements

We used spectral columnar aerosol optical depth (AOD) obtained from Moderate resolution Imaging Spec-
troradiometer (MODIS) on Aqua and Terra satellites. Collection 6.1, level 2, AOD was acquired at 550 nm 
for the data set “Dark Target Deep Blue Combined” (Levy et al., 2013). Swaths of 10 km (at nadir) were 
resampled to 0.1° × 0.1° resolution. Data were aggregated to daily means. Because daytime overpass times 
are different for both Terra (10:30 LT) and Aqua (13:30 LT), we used simulated AOD averaged between both 
overpass times and evaluated only on days when satellite data were available.

2.1.2.  Active Fire Count Data

Active fire count data were taken from Collection 6 Terra and Aqua MODIS fire product (MCD14DL). Our 
analysis includes all fire types including fires associated with deforestation, pasture maintenance, and agri-
cultural fires and wildfires that spread into surrounding forest. Fire detection is performed using a contextu-
al algorithm that exploits the strong emission of mid-infrared radiation from fires (Giglio et al., 2003, 2006). 
The MODIS instrument on board Terra and Aqua satellites acquire data continuously providing global 
coverage every 1–2 days. The terra satellite passes over the equator at ∼10:30 a.m. and 10:30 p.m. each day 
and the Aqua satellite passes over the equator at ∼1:30 p.m. and 1:30 a.m. MODIS fire count data is availa-
ble from November 2000 (for Terra) and from July 2002 (for Aqua) to the present. We obtained data for the 
period 2003 to 2019 through the MODIS Fire Archive Download Tool.

2.1.3.  Deforestation Data

State-level deforestation rates from the Brazilian government's satellite monitoring program known as Pro-
gram to Calculate Deforestation in the Amazon (PRODES) and the near real-time deforestation detection 
were taken from the National Institute for Space Research (INPE) TerraBrasilis platform (Assis et al., 2019). 
PRODES captures new, clear-cut deforestation of primary forest in areas larger than 6.25 hectares, such 
that once deforestation occurs; the area is excluded from future monitoring. PRODES monitoring runs over 
a 12-month period from August 1 to July 31, such that PRODES data for 2019 reference year includes de-
forestation that occurred between August 1, 2018 and July 31, 2019. This time period, which is in the middle 
of the dry season, allows for better image collection since the forest is less likely to be covered by clouds, as 
well as coinciding with typical clearing cycles in the region.

2.1.4.  Precipitation Data

We used the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) monthly gridded sat-
ellite precipitation data set. The CHIRPS data set is a blended rainfall product combining a pentadal pre-
cipitation climatology, satellite observations, atmospheric model simulated rainfall fields, and in situ obser-
vations from gauge stations. Quasi-global gridded products are available from 1981 to near-present at 0.05° 
spatial resolution (∼5.3 km) (Funk et al., 2014).

2.1.5.  Land Surface Temperature

We used monthly mean land surface temperature (LST) data from MODIS Terra Collection 006. The data set 
was provided by the Integrated Climate Data Centre (Wan et al., 2015). LST was obtained using a split win-
dow technique from radiances obtained under clear-sky conditions. LST was calculated for each day first for 
single MODIS overpasses, then for tiles with 1,000 m resolution (product MOD11A1) and finally to a 0.05° 
grid resolution. To produce the final data product, other MODIS products were used: vertical temperature 
and water vapor profiles, the MODIS cloud mask, the land cover distribution, and the snow cover. We use 
Terra with 10:30 a.m. overpass time to enhance the number of clear-sky retrievals compared to Aqua (1.30 
p.m. overpass).
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2.2.  Models

2.2.1.  General Linear Model

Fire risk in the Amazon is strongly influenced by climate (Lima et al., 2018). The seasonal cycle of fire count 
(Figure S1) closely resembles precipitation and LST (Figures S2 and S3), with a greater number of fires dur-
ing dry season periods. We analyzed fires at the state level across the BLA. We include all states in the BLA 
except the northern states of Roraima and Amapa that have distinctly different dry seasons.

We used a general linear modeling (GLM) framework to predict dry season active fire count at the state 
level. We included precipitation and LST as predictor variables, as used in previous studies (e.g., Lima 
et al., 2018). To explore the role of deforestation, we also included annual deforestation at the state level as 
a predictor. We modeled the number of dry season fires at the state level (Yt, fires per Mha) as a function of 
independent variables indexed by time t:

            0 1 WP 2 DP 3 DT 4 ,t t t t tY D� (1)

where WPt, DPt, DTt, and Dt are preceding wet season precipitation, dry season precipitation, dry season 
LST, and annual deforestation rate (August–July) within a given reference year, respectively. We define dry 
season and wet season at the state level as shown in Table 1, based on seasonal cycle of precipitation and 
LST (Figures S2 and S3). Dry season LST was calculated as the average of daily data across the state. Dry 
and wet season precipitation were calculated as an average of the monthly data across the state. We treat 
deforestation and climate variables as independent predictor variables although note there may be a two-
way relationship between the deforestation rate and drought, which will be partially represented within 
PRODES deforestation data. As a measure of GLM accuracy, we use the adjusted r2 as an unbiased estimate 
of the fraction of variance explained, taking into account the sample size and number of predictor variables.

2.2.2.  Weather Research and Forecasting Online-Coupled Chemistry Model

We used the Weather Research and Forecasting online-coupled Chemistry (WRF-Chem) model version 
3.7.1 (Grell et al., 2005). An identical model setup to that described here was evaluated in detail against sur-
face, airborne, and satellite observations (Butt et al., 2020). The model domain covers most of South America 
(Figure S4) with a horizontal resolution of 30 km, extending vertically from the surface to 10 hPa. Details of 
model setup are shown in Table S1. Gas-phase chemistry is calculated using the extended Model for Ozone 
and Related Chemical Tracers, version 4 (MOZART-4) (Emmons et al., 2010; Knote et al., 2014). Aerosol 
chemistry and microphysics is simulated using an updated Model for Simulating Aerosol Interaction and 
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Statea Deforestation LST
Wet 

season P
Dry 

season P AOD
Fire 

emissions
Fire count 
(per Mha)

Deforestation rate 
(km2 per Mha)

Acre 0.47 0.07 −0.37 −0.18 0.37 0.8 463 24

Amazonas 0.25 0.21 −0.2 −0.42 0.3 0.85 92 5

Maranhão 0.11 0.6 −0.37 −0.53 0.25 0.91 1,003 16

Mato Grosso 0.77 −0.24 −0.31 −0.36 0.8 0.9 823 35

Para 0.62 0.11 −0.22 −0.36 0.9 0.84 567 33

Rondônia 0.83 −0.38 −0.35 −0.2 0.85 0.9 1,112 64

Tocantins −0.06 0.62 −0.66 −0.55 0.7 0.9 924 3

Note. Mean number of dry season fires and mean deforestation rates are also shown.
Abbreviations: AOD, aerosol optical depth; BLA, Brazilian Legal Amazon; LST, land surface temperature.
aAcre dry (wet) season: July–October (November–May); Amazonas dry (wet) season: July–November (November–
May); Maranhão dry (wet) season: June–December (December–April); Mato Grosso dry (wet) season: June–October 
(November–April); Para dry (wet) season: July–December (December–May); Rondônia dry (wet) season: July–October 
(November–May); Tocantins dry (wet) season: July–October (November–April).

Table 1 
Correlation Between Active Dry Season Fire Count, and Individual Features of Deforestation Rate, LST, Precipitation 
(P, Wet Season and Dry Season), AOD, and Fire Organic Carbon Emissions at the State Level Across the BLA During 
2003 to 2019
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Chemistry (MOSAIC) with aqueous chemistry and four sectional discrete aerosol size bins: 0.039–0.156 μm, 
0.156–0.625 μm, 0.625–2.5 μm, 2.5–10 μm (Hodzic & Knote, 2014; Zaveri et al., 2008). An updated volatility 
basis set mechanism was also included for secondary organic aerosol (SOA) formation (Knote et al., 2015). 
Microphysics is simulated using the Morrison 2-moment scheme (Morrison et al., 2009) and the Grell 3-D 
parameterization is used for simulating convection (Grell & Dévényi, 2002). Initial and boundary chemis-
try and aerosol conditions were taken from 6-hourly simulation data from the MOZART-4/Goddard Earth 
Observing System Model version 5 (National Center for Atmospheric Research, 2019). Initial and boundary 
meteorological conditions were taken from the European Centre for Medium-Range Weather Forecasts 
(ECMWF) ERA5 global reanalysis (ECMWF, 2017). During model simulations, we nudged the meteoro-
logical components, horizontal and vertical wind, potential temperature, and water vapor mixing ratio, to 
ECMWF reanalysis in all model levels above the planetary boundary layer (BL) over 6 h.

2.2.3.  WRF-Chem Nonfire Emissions

Anthropogenic emissions were taken from the Emission Database for Global Atmospheric Research with 
Task Force on Hemispheric Transport of Air Pollution version 2.2 for the year 2010 at 0.1° × 0.1° horizontal 
resolution (Janssens-Maenhout et al., 2015). A diurnal cycle was applied to anthropogenic emissions (Oliv-
ier et al., 2003). Biogenic volatile organic compound and dust emissions were both calculated online by the 
Model of Emissions of Gases and Aerosol from Nature (Guenther et al., 2006) and through Goddard Global 
Ozone Chemistry Aerosol Radiation and Transport with Air Force Weather Agency modification (Chin 
et al., 2000), respectively.

2.2.4.  WRF-Chem Fire Emissions

We used fire emissions in 2019 from the Fire Inventory from NCAR (FINN) (Wiedinmyer et  al.,  2011). 
Daily emissions are estimated on a 1 km2 grid based on the location and timing of active fires taken from 
MODIS Fire and Thermal Anomalies Product (Giglio et al., 2003). Each fire count is assigned a burned area: 
0.75 km2 for grassland and savannah and 1 km2 for other land in line with biomass fuels associated with 
MODIS Land Cover Type and Vegetation Continuous Fields.

FINN fire emission are emitted in WRF-Chem using a diurnal cycle that peaks in the early afternoon (lo-
cal-time) based on Giglio (2007) and are injected evenly throughout the BL, as supported by fire emission 
plume heights over the Amazon (Marenco et al., 2016).

At the time of this analysis, the current scientific release version of FINN (v1.5) did not include fire emis-
sions for 2019. Instead, we used the FINN near-real-time (NRT) product v1 for 2019. We scaled FINN NRT 
emissions in 2019 by the ratio of emissions in FINN v1.5 to FINN NRT v1 in 2018 (Figure S5). A comparison 
of WRF-Chem simulated dry season AOD using the original FINN NRT v1 and scaled 2019 emissions to 
MODIS AOD showed a better match for the scaled emissions (Figure S6), with a good comparison across 
the BLA (mean bias between −0.1 to 0.1; see Figure S7c), and consistent with others studies (e.g., Arch-
er-Nicholls et al., 2015, 2016) (Butt et al., 2020). Table S2 shows annual and dry season OC and BC emissions 
summed over the BLA. The dry season (1 July–31 October) contributes 70%–80% of annual emissions of 
OC and BC. In 2019, dry season OC (BC) emissions were 18% (17%) lower than the 2003–2018 average, and 
35% (35%) lower than the 2003–2012 average (high deforestation). However, dry season OC (BC) emissions 
in 2019 were 29% (28%) higher than the 2013–2018 average (initially low deforestation). Compared to 2018, 
OC (BC) emissions were 29% (29%) higher in 2019. Comparing emissions in 2019 to the 2003–2012 average, 
displays a distinct dipole across the BLA, which can be explained by a northward shift in deforestation and 
associated fires in recent years (Figure S8). In contrast, emissions in 2019 compared to the 2013–2018 aver-
age (Figure S8c) show an increase across the BLA largely due to the higher deforestation in 2019.

2.2.5.  WRF-Chem Simulations in 2019

WRF-Chem model simulations were conducted for the year 2019 from April to December, with 1-month 
spin-up. We conducted four simulations with different fire emissions: (a) Wiedinmyer et al. (2011) (base-
line) emissions, (b) no fire emissions in the BLA, (c) fire emissions under a minimum deforestation scenar-
io, (d) fire emissions under a maximum deforestation scenario.
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The difference between simulations (a) and (b) was used to quantify the contribution of vegetation fires on 
regional air quality and its impacts on public health in 2019. The difference between simulations (a) and (c) 
and (a) and (d) were used to quantify the impact of different deforestation scenarios.

For each state, we defined a maximum deforestation scenario as the maximum deforestation rate that had 
occurred between 2003 and 2019, and a minimum deforestation scenario as the minimum deforestation rate 
that had occurred during this period. We then applied these deforestation rates in the state-level GLMs to 
predict the fire count under these scenarios (firesscenario). Based on the strong relationship between observed 
fires and emissions (Figure S9), we then used these changes in predicted fires count to calculate emissions 
at the state level: 

 
   
 

scenario
emis emis

base

firesmodified baseline
fires

� (2)

where modifiedemis is calculated emissions scenario, firesbase is the GLM baseline predicted fire count at the 
state level, and baselineemis is the baseline FINN emissions in 2019.

We did not scale state-level fire emissions under deforestation scenarios if maximum or minimum rates of 
deforestation between 2003 and 2019 were the same as in 2019 (see Table 1).

2.3.  Health Burden Calculation

We used simulated annual mean surface PM2.5 concentrations to quantify the health impact due to fires 
through the disease burden attributable to air pollution exposure. To estimate annual mean PM2.5, we as-
sumed simulated concentrations in April and December are representative of January–March, when fire 
emissions are also low. This assumption is reasonable given the seasonality of observed fire count across 
states (Figure S1), and simulated PM2.5 evaluated in Butt et al. (2020).

Using population attributable fractions of relative risk taken from associational epidemiology, population 
exposures under different fire scenarios were used to predict associated variations in health burden out-
comes. The population attributable fraction (PAF) was estimated as a function of population (P) and the 
relative risk (RR) of exposure:

   EXP EXPPAF P RR 1 / RR� (3)

RR estimates are taken from the Global Exposure Mortality Model (GEMM), which can be accessed through 
Burnett et al. (2018). We used the GEMM for nonaccidental mortality (noncommunicable disease, NCD, 
plus lower respiratory infections, LRI), using parameters including the China cohort, with age-specif-
ic modifiers for adults over 25 years of age in 5-year intervals. The GEMM functions have mean, lower, 
and upper uncertainty intervals. The theoretical minimum-risk exposure level for the GEMM functions is 
2.4 µg m−3. The toxicity of PM2.5 was treated as homogenous with no differences for source, shape, or chem-
ical composition, due to a lack of associations among epidemiological studies.

The effect of air pollution is known to be significantly different for morbidity and mortality from cardiovas-
cular outcomes (ischemic heart disease, IHD and stroke, and STR) (Cohen et al., 2017), and the relative risks 
from Equation 3 were adjusted by Equation 4 (RRadjusted) when estimating years lived with disability (YLD). 
The ratio for IHD and STR morbidity were 0.141 and 0.553 from the GBD2016 (Cohen et al., 2017), based on 
data from three cohort studies (Lipsett et al., 2011; Miller et al., 2007; Puett et al., 2009)

   EXP,adjusted EXPRR ratio RR ratio 1� (4)

Premature mortality (MORT), years of life lost (YLL), and years lived with disability (YLD) per health out-
come, age bracket, and grid cell were estimated as a function of the PAF and corresponding country-level 
baseline mortality (IMORT), YLL (IYLL), and YLD (IYLD) taken from GBD2017 (Roth et al., 2018) following 
Equations 5–7, respectively.

  MORTMORT PAF I� (5)
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  YLLYLL PAF I� (6)

  YLDYLD PAF I� (7)

Disability-adjusted life years (DALYs), that is, the total loss of healthy life, was estimated as the total of YLL 
and YLD:

 DALYs YLL YLD� (8)

The rates of MORT, YLL, YLD, and DALYs were calculated per 100,000 population. Mean estimates were 
quantified in addition to upper and lower uncertainty intervals at the 95% confidence level. The United 
Nations adjusted the population count data set for 2020 at 0.25° × 0.25° resolution was obtained from the 
Gridded Population of the World, Version 4 (GPWv4) Revision 11 (Center for International Earth Science 
Information Network—CIESIN—Columbia University, 2018). Population age composition was taken from 
the GBD2017 for 2015 for early-neonatal (0–6 days), late-neonatal (7–27 days), post-neonatal (8–364 days), 
1–4 years, 5–95 years in 5-year intervals, and 95 years plus (Roth et al., 2018). Shapefiles were used to aggre-
gate results at the country and state level (Hijmans, 2012).

The health impacts of PM2.5 depend nonlinearly on exposure, with impacts starting to saturate at high PM2.5 
concentrations (Burnett et al., 2014, 2018). We estimate the health benefits that would arise if fires were 
prevented, as the health burden from a scenario with fires minus the health burden from a scenario with-
out fires (but including other nonfire PM emission sources). This is described as the “subtraction” method 
(Conibear et al., 2018; Kodros et al., 2016).

Fires in the BLA exhibit low interannual variability due to widespread and routine human-induced burning 
(Giglio et al., 2013) that has been occurring since the late 1980s when widespread deforestation began (van 
Marle et al., 2017). This means that populations in the BLA have been consistently exposed to PM2,5 from 
fires for more than 30 years, justifying our focus on the impacts of long-term exposure to PM2.5 as applied in 
previous studies in the Amazon (Butt et al., 2020) and Equatorial Asia (Crippa et al., 2016; Kiely et al., 2020; 
Koplitz et al., 2016).

3.  Results and Discussion
3.1.  Prediction of Amazon Fires

Figure  1 shows the relationship between the dry season active fire count, deforestation rate, fire emis-
sions, and AOD across the BLA between 2003 and 2019. Simultaneous peaks in fire count, fire emissions, 
and AOD occur during drought years (2005, 2007, 2010, and 2015). Declines in fire count, emissions, and 
AOD follow declines in deforestation during 2001–2014, as reported previously (Reddington et al., 2015). 
Fire count, emissions, AOD, and deforestation have all increased from 2014 to 2019, confirming previously 
identified links between fires and deforestation (Aragão et al., 2008, 2018; Barlow et al., 2019; Reddington 
et al., 2015).

We analyzed relationships between dry season total fire count from all fire types, individually with de-
forestation rate, precipitation, LST, and AOD at the state level across the BLA (Figure 2 and Table 1). Total 
fire count tended to be positively related with the deforestation rate, particularly in states with substantial 
deforestation, such as Rondônia (Pearson's correlation coefficient [r], r = 0.83), Mato Grosso (r = 0.77), and 
Para (r = 0.62) (Table 1). Analysis of the monthly deforestation rate and fire count shows that deforestation 
peaks at the end of the wet season, before the dry season peak in fires (Figure S10). This suggests that within 
a specific year, fires are not the dominant cause of deforestation. In all states, total fire count was negatively 
related to both wet and dry season precipitation (r = −0.2 to −0.7). The link with dry season precipitation 
suggests an important dry season precipitation control on fires. We note that dry and wet season precipita-
tion are weakly related at the state level (Figure S11), so links between wet season precipitation and fire are 
distinct from links between dry season precipitation and fire. The relationship with wet season precipitation 
is therefore suggestive of a legacy effect, possibly through controls on dry season soil water content and 
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associated humidity. Relationships between dry season fire and LST were generally positive. States with 
low deforestation rates, such as Maranhão and Tocantins exhibited stronger correlations between fire and 
climate (precipitation and LST). The number of fires is positively correlated with fire emissions and AOD, 
demonstrating the strong control of fire on regional air quality (Table 1).

We developed a GLM for states across the BLA to predict the dry season fire count based on the deforesta-
tion rate, wet season rainfall, dry season rainfall, and LST (Table 2). In general, deforestation and LST have 
a positive effect on fires, while wet and dry season rainfall have a negative effect on fires (Figure 3). The 
GLM provides a good prediction of fire count, particularly for states with substantial number of fires, such 
as Maranhão (r2 = 0.56; p value = 0.007), Mato Grosso (r2 = 0.75; p = 0.0002), Para (r2 = 0.53; p = 0.01), 
and Rondônia (r2 = 0.71; p = 0.0006) (Table 2). Crucially, GLM predictions of the fire count in these states 
is considerably better when the deforestation rate is included as a predictor in addition to climate (Table 2), 
as has been shown previously (Silvestrini et al., 2011). These states have the biggest impacts on regional 
air quality, contributing 81% of active fire count and 92% of organic carbon fire emissions across the all the 
states analyzed in BLA between 2003 and 2019. The GLM is less accurate for states with lower fire count 
and emissions including Amazonas, Acre, and Tocantins. Summed to the BLA level, our state-level GLMs 
are able to make good predictions of total dry season fires (Figure 4; r2 = 0.8).

3.2.  Fires in 2019 Under High and Low Deforestation Scenarios

We used these GLMs to predict how the recent increase in the rate of deforestation has increased the in-
cidence of active fire count. For each state we identified the minimum annual deforestation rate that had 
occurred during 2003–2019. We then combined this deforestation rate with the GLM to calculate the number 
of fires that would have occurred (Table 3). Under this minimum deforestation scenario, we estimate that 
the number of dry season fires summed across the BLA would have reduced by 28% in 2019, with large re-
ductions in Acre (93%), Amazonas (41%), Para (47%), and Rondônia (50%). This means that the factor of 2 
increase in the deforestation rate across the BLA between 2014 and 2019 has increased the fire count across 
the BLA by 39%.

Despite the recent increase in deforestation across the BLA, the deforestation rate is still lower than the 
maximum rate experienced in the last few decades (Figure 1). If the deforestation rate in 2019 had returned 
to these historically high levels, it is likely that the fire count would have been even greater than experienced 
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Figure 1.  Time-series of dry season (1st July to 31st October) active fire count, annual deforestation rate, fire 
particulate emissions (black carbon, BC and organic carbon, OC), and aerosol optical depth (AOD) over the Brazilian 
Legal Amazon (BLA). The insert map image shows the boundary of the BLA (black line) and extent of the Weather 
Research and Forecasting online-coupled Chemistry model domain.
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in 2019. We estimated the amount of fire that would have occurred in 2019 if deforestation had increased 
to the maximum rate observed during 2003–2019. For each state, we identified the maximum deforestation 
rate that occurred during 2003–2019 and predicted the change of fire in 2019 under this maximum  
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Figure 2.  Relationship between dry season active fire count and (a) annual deforestation rate, (b) dry season land surface temperature (LST), (c) wet season 
precipitation, and (d) dry season precipitation over the states analyzed in Brazilian Legal Amazon (BLA). Pearson's correlation coefficient (r) and slope of best-
fit line (in parenthesis) are shown on each panel for each state located with the BLA. Bold values indicate significant relationships (r > 0.5).

State

Including deforestation Excluding deforestation

r2 Adjusted r2 P-value r2 Adjusted r2 P-value

Acre 0.508 0.344 0.0575 0.154 −0.041 0.521

Amazonas 0.335 0.113 0.261 0.229 0.051 0.321

Maranhão 0.667 0.556 0.00686 0.510 0.397 0.022

Mato Grosso 0.815 0.753 0.000236 0.604 0.512 0.006

Para 0.645 0.526 0.00978 0.284 0.119 0.212

Rondônia 0.784 0.712 0.000576 0.704 0.635 0.000964

Tocantins 0.574 0.432 0.0266 0.565 0.465 0.0107

Note. GLMs were run both including and excluding deforestation rate as a predictor variable, but all included climate 
predictor variables wet and dry season precipitation, and dry season land surface temperature. GLM metrics and 
estimates reported in the main text of this study are those including deforestation as a predictor variable.
Abbreviation: GLM, general linear modeling.

Table 2 
GLM Predictions of Total Dry Season Fire Count at the State Level
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deforestation scenario (Table 3). Under this maximum deforestation scenario, the total number of active 
fires across the BLA would have been a factor of 2 greater than actually experienced in 2019, with particu-
larly large increases in Mato Grosso (137%), Para (112%), and Rondônia (160%).

The highest rates of deforestation were experienced across most of the states in the BLA in the early 2000s 
(2003–2005). Environmental policies are now quite different. For example, the Brazilian government's Ac-
tion Plan for Prevention and Control of the Legal Amazon Deforestation was created in 2004 and the number 
of protected areas has increased considerably (Aragão et al., 2018). Under these improvements to regional 
environmental governance, it is unlikely that deforestation will return to the very high rates experiences in 
the early 2000s. Nevertheless, our maximum deforestation scenario is useful to understand the implications 
of environmental governance on deforestation and fire, and the impacts on air quality and public health.

3.3.  Impacts Fires on Air Quality and Public Health in 2019

We used a regional chemistry-climate model (WRF-Chem) to simulate 
the impacts of the fires in 2019 on air quality across the BLA. Dry season 
PM2.5 concentrations >45 μg m−3 are simulated in southern and western 
BLA (Figure S12), matching the locations of deforestation and fire (Butt 
et  al.,  2020). Vegetation fires contribute up to 95% of PM2.5 concentra-
tions across the BLA, as well as contributing up to 40% of concentrations 
downwind of fires across Bolivia, Peru, and Brazil.

Air Quality Guidelines from the World Health Organization sug-
gest 24-h mean PM2.5 concentrations should not exceed 25  μg  m−3 
(WHO,  2006). Populations across large regions of South America  
are exposed to greater PM2.5 concentrations during the dry season, 
with negative implications for public health. We combined simu- 
lated PM2.5 concentrations with exposure-response relationships  
to estimate the public health impacts of exposure to fire-derived  
PM2.5. Across our South American domain (Figure  S4), we esti- 
mate that the prevention of all fires in the BLA would have avoided 
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Figure 3.  Coefficients (colored dots) and 95% confidence intervals (arrows) from the general linear modeling analysis 
(a) Deforestation (b) Land surface temperature (LST) (c) Wet season precipitation and (d) Dry season precipitation. 
Estimates of covariates having a positive (red) and negative (blue) effect on fires are indicated.

Figure 4.  Observed versus predicted dry season active fire count (per 
Mha) for the Brazilian Legal Amazon (BLA). Lines represent linear 
regression (solid blue), 1:1 (solid black), and 1:2 (dashed black). BLA totals 
exclude the states of Roraima and Amapa (see Methods).
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367,429 (95th Uncertainty Interval [95UI] 316,253–425,285) DALYs and 9,469 (95UI: 9,162–9,776) pre-
mature deaths in 2019 (Table S3, Figure S13). Our estimate agrees with previous studies which estimat-
ed public health benefits of preventing South American fires to be 5,000–16,800 avoidable deaths per 
year (Butt et al., 2020; Johnston et al., 2012; Nawaz & Henze, 2020; Reddington et al., 2015). Previous 
studies use different exposure-response relationships and analyzed different domains, driving much 
of the difference in estimates. We used the GEMM exposure-response model (Burnett et al., 2018), 
which is consistent with the latest exposure-outcome associations for ambient PM2.5, and to be con-
servative of risk estimates at higher exposures. In our study, fires within the BLA accounts for 37% of 
the South American domain avoided DALYs and 52% of avoided deaths, and so benefits greatly from 
fire prevention. States in the BLA experience substantial per-capita public health benefits, with large 
avoided DALYs rates (>900 per 100,000 people) and death rates (>20 per 100,000 people) (Table S3, 
Figure S13), under a scenario of no fire.

3.4.  Impact of Increased Deforestation on Air Quality and Public Health

Previous estimates using scenarios of complete fire prevention are unrealistic: not all fires are caused by 
humans and it would not be possible to prevent all fires. We used our different deforestation scenarios  
to estimate the impacts of increased deforestation on fire count, pollutant emissions (Figure S14), air  
quality, and public health. We used WRF-Chem along with our predictions of fire count to simulate  
the change in air pollution under low and high deforestation scenarios (Figure 5). These deforestation 
scenarios span the range that has been observed over the last 2 decades. If deforestation had been reduced 
to the minimum experienced during 2003–2019, PM2.5 concentrations in 2019 would have been reduced 
by up to 50%, whereas under the maximum they would have increased by up to 130%. Therefore our anal-
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State

Deforestation 
rate 2019 

(km2)

Deforestation 
rate maximum 

km2 (year)

Deforestation 
rate minimum 

km2 (year)

Change in predicted 2019 
fires with maximum 

deforestation (%)

Change in 
predicted 2019 fires 

with minimum 
deforestation (%)

Acre 688 1,078 (2003) 167 (2015) +69. −93.

Amazonas 1,421 1,558 (2003) 405 (2009) +5 −41.

Maranhão 215 1,271 (2008) 209 (2015) +63. −0.4

Mato Grosso 1,685 11,814 (2004) 757 (2012) +137. −12

Para 3,862 8,870 (2004) 1,741 (2012) +112. −47.

Rondônia 1,245 3,858 (2004) 435 (2010) +160. −50.

Tocantins 21 271 (2005) 21 (2019) +18. 0

Note. No changes in fires are predicted for Tocantins under the minimum deforestation scenario because deforestation 
in 2019 was the lowest observed between 2003 and 2019 in that state.
Abbreviation: GLM, general linear modeling.

Table 3 
GLM Predicted Changes in Total Dry Season Fire Count in Year 2019 Based on Minimum and Maximum Deforestation 
Rate for the Period 2003 to 2019 are Also Shown

Scenario DALYs Mortality

2019 (baseline) 367,429 (316,253–425,285) 9,469 (9,162–9,776)

Minimum −132,200 (95UI: 113,100–153,700) −3,400 (95UI: 3,300–3,550)

Maximum +305,700 (95UI: 262,700–354,200) +7,900 (95UI: 7,600–8,200)

Abbreviation: DALYs, disability-adjusted life years.

Table 4 
Domain Wide Health Burden in 2019 (Baseline) and the Absolute Change in Health Burden Under the Minimum and 
Maximum Deforestation Scenarios Relative to the Baseline
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ysis shows that air quality in 2019 would have been better had deforestation levels been reduced to the 
minimum observed during 2003–2019, but also could have been much worse had deforestation levels been 
at the maximum experienced over this period. We then estimated the impacts of air pollution under these 
scenarios on public health (Figures 5c and 5d and Figure S15). Improved air quality under the minimum 
deforestation scenario would have resulted in 132,200 (95UI: 113,100–153,700) fewer DALYs and 3,400  
(95UI: 3,300–3,550) fewer premature deaths (Table 4). This means that the increase in deforestation 
between 2014 and 2019 increased the disease burden by 56% in 2019. In contrast, if deforestation had 
increased to the maximum experienced during 2003–2019, the total avoidable burden of disease would 
have increased by nearly a further factor of 2, resulting in an additional 305,700 (95UI: 262,700–354,200) 
DALYs and 7,900 (95UI: 7,600–8,200) premature deaths (Table 4). States in the BLA with considerable 
deforestation and fire, experienced the greatest reductions in per-capita disease burden under the low 
deforestation scenario (Figure 5d), and greatest increases in disease burden under high deforestation 
rates.

Studies aiming to understand how fire regimes will change in the future highlight the strong climatic con-
trol on future forest flammability (Brando et al., 2020; Le Page et al., 2017). Our analysis confirms that in ad-
dition to climate, deforestation rate has a strong control on the incidence of fire (Aragão et al., 2008, 2018). 
We show that increased rates of deforestation between 2014 and 2019 has caused increased fire count, de-
grading air quality with substantial public health impacts. Efforts to reduce fire must focus on reducing the 
deforestation rate, in addition to fire management and suppression. Despite recent increases, deforestation 
rates across the BLA are still less than the high levels experienced before 2014. We demonstrate strong ben-
efits of improved environmental governance on air quality and public health across the Amazon.
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Figure 5.  Impacts of deforestation on air quality and public health. Percentage change in dry season mean surface PM2.5 concentrations in 2019 under (a) 
minimum and (b) maximum deforestation scenario relative to the baseline. Health burden under maximum (red) and minimum (blue) deforestation scenarios 
relative to the baseline showing (c) total premature deaths, and (d) death rate per 100,000 people. Total Domain burden in (c) is deaths summed across our 
modeling domain (Figure 4), while the gray box highlights Brazilian Legal Amazon states analyzed in this study.
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