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SUMMARY 

Large-scale tropical deforestation has caused local temperature increases that surpass warming from 
21st century climate change projections. Working outdoors in high temperatures reduces worker 
productivity and increases heat strain, but the extent to which deforestation-driven temperature change 
affects people across the tropics is unknown. Using satellite data combined with worker health 
guidelines, we show that warming associated with deforestation is already impacting human health and 
well-being in low-latitude countries. This warming has particularly large impacts on populations in 
regions of rapid forest loss, such as the Brazilian states of Mato Grosso and Pará, where we show that 
temperatures and human heat exposure are increasing quickly compared to nearby regions where 
deforestation is less severe. We also examine how future global climate change will magnify heat 
exposure for millions of people in deforested areas across the tropics. 
Keywords: Deforestation, climate change, humid heat impacts, resilience, climate mitigation 

INTRODUCTION 

Tropical forests serve as global carbon sinks and also 
provide critical ecosystem services for local communities 
(Brondizio et al., 2019; Cook-Patton et al., 2020), but 

tropical deforestation driven by the expansion of 
agriculture and logging has accelerated in recent decades 
(Curtis et al., 2018). Trees help regulate the local thermal 
environment (Ellison et al., 2017; Scott et al., 2018). The 
loss of tropical forests removes these important cooling 
services and leads to increased temperatures (Ellison et 

SCIENCE FOR SOCIETY Recent research has highlighted the effects of global warming on low- and 
middle-income countries. Additionally, tropical deforestation remains an issue of global concern for 
climate change mitigation. We link these bodies of research by examining how tropical deforestation is 
exacerbating local warming and leading to unsafe thermal environments for outdoor workers. Although 
deforestation has been tied to the well-being of local communities, our study is the first to provide evidence 
that deforestation across the tropics is associated with increases in local temperatures large enough to 
create unsafe working conditions that go beyond established thresholds for outdoor worker health. Our 
findings suggest that tropical deforestation is hastening the arrival of some of the worst climate change 
impacts. This work provides evidence that forests are important for both global climate mitigation and the 
resilience of local populations through their ecosystem services. 



	
	

	

al., 2017; McAlpine et al., 2018; Wolff et al., 2018; Cohn et 
al., 2019; Masuda et al., 2019; 2020), mediated by 
changes in shade, evapotranspiration, and surface 
reflectivity (Prevedello et al., 2019). Tropical deforestation 
often occurs in contiguous patches of land that are cleared 
to create agriculture or pasture land. The magnitude of 
local warming in these patches is strongly associated with 
their area, with annually averaged maximum temperatures 
that are up to 10°C warmer in large (>100 km2) deforested 
patches (Vargas Zeppetello et al., 2020) and warming 
effects that can extend up to 50 km beyond deforested 
sites (Cohn et al., 2019). 

Deforestation-induced loss of cooling services may be 
particularly detrimental to the health and well-being of 
communities in the tropics, as they are often dependent on 
outdoor work and have comparatively low adaptive 
capacity to adjust to environmental change (Coffel et al., 
2017; McKinnon et al., 2016). Increased exposure to 
higher temperatures can threaten the resilience of 
communities, particularly if temperatures in their 
environment regularly exceed thresholds for human safety 
(ACGIH, 2009; Mora et al., 2017). Contributors to heat 
stress include ambient exposure to high temperature and 
humidity, internal heat generated by heavy physical work, 
and non-breathable clothing (Spector and Sheffield, 2014). 
Working in hot environments can increase core body 
temperatures, leading to heat strain and potentially fatal 
heat stroke, even among young and otherwise healthy 
populations. Although it is well established that working 
outdoors in higher temperatures reduces productivity and 
increases heat strain (Flouris et al., 2018; Masuda et al., 
2021), the extent to which deforestation-driven 
temperature change affects human populations across the 
tropics is unknown. This is noteworthy because high 
temperature and humidity already create mid-day unsafe 
working conditions across much of the tropics (Kjellstrom 
et al., 2009, 2013; Watts et al., 2018). 

 
Studies on deforestation and temperature changes have 
focused on quantifying warming from tropical deforestation 
at regional scales (Vargas Zeppetello et al., 2020; Alkama 
and Cescatti, 2016), and the relationship between 
deforestation and increasing temperatures in the tropics is 
well-established (Ellison et al., 2017; McAlpine et al., 2018; 
Wolff et al., 2018; Cohn et al., 2019; Masuda et al., 2019; 
2020). However, only a few small-scale studies have 
evaluated deforestation effects on heat exposure and the 
well-being of nearby populations in rural communities (Wolff 
et al., submitted; 2018, 2019; Suter et al., 2019), limiting our 
understanding whether these effects extend globally in 
similar settings across low-latitude countries. Here, we 
follow on recent work that focuses on human exposure to 
environmental change (e.g., Chavaillaz et al., 2019; Xu et 
al., 2020) and show results from an analysis that quantifies 
the magnitude and geographic extent of deforestation-
associated changes on local thermal environments across 
94 low-latitude countries with tropical forests. We estimate 
the safe work hours (the amount of time in a day during 
which heavy physical outdoor labor can be performed safely 

under established heat exposure thresholds) that have 
been lost due to temperature increases associated with 
recent deforestation. We identify regions where a large 
proportion of the population is already experiencing unsafe 
outdoor working conditions due to changes in thermal 
environments associated with tree cover loss in the last 15 
years alone (2003-2018), identify areas under threat given 
future global warming, and discuss the implications of these 
findings for land use and the health and safety of outdoor 
workers in the tropics 

RESULTS  

Low-latitude deforestation and temperature increases 
Human activity has driven large-scale deforestation in the 
tropics. Of the ~23.07 million km2 encompassing the 
tropical and subtropical forest biome (green regions in 
Figure 1a; Dinerstein et al., 2017), 13.9 million km2 was 
covered in >75% tree cover in the year 2000 (grey regions 
in Figure 1a, Methods; Hansen et al., 2013). Between 
2003 and 2018, 8.7% of this tropical forest cover (1.22 
million km2) was lost or degraded (red regions in Figure 
1a), with 6.9% forest cover loss in the Americas (~0.56 
million km2), 6.5% loss in Africa (~0.14 million km2), and 
13.6% loss in Asia (~0.52 million km2). 
 
Throughout the tropics and subtropics, deforestation is 
associated with local warming that exceeds interannual 
climate variability near the equator (Vargas Zeppetello et 
al., 2020), particularly for afternoon temperatures from 
satellite data analyzed here (Methods). Specifically, the 
low-latitude locations in the Americas, Africa, and Asia that 
maintained forest cover between 2003 and 2018 
experienced mean temperature variations of ~0.2°C, 
~0.4°C, and ~-0.01°C, respectively; these changes are 
consistent with climate model representations of internal 
climate variability and anthropogenic climate change. By 
contrast, deforested locations experienced mean 
increases in afternoon temperatures of 1.6°C, 1.2°C, and 
0.55°C, respectively (Figure 1b; see also Prevedello et al., 
2019). The impacts of deforestation are even more 
apparent in the tails of the distributions showing the largest 
year on year temperature increases (Vargas Zeppetello et 
al., 2020). For example, in the Americas, ~78% of 
locations that experienced afternoon temperature 
increases greater than 6°C were deforested between 2003 
and 2018 despite these areas accounting for less than 9% 
of the original forested area. Although forest cover gain is 
associated with temperature decreases similar in 
magnitude to temperature increases from forest loss 
(Prevedello et al., 2019), here we focus on deforestation 
because data on the timing of tree regrowth are limited 
(Methods). 
 
Decreases in safe work hours for outdoor labor 
Temperature increases associated with deforestation have 
led to losses in safe work hours. Here ‘lost safe work 
hours’ is defined as the amount of time per day deemed 
unsafe for heavy physical outdoor work for given Heat 
Index values, which reflects heat exposure during working 



	
	

	

hours rather than individually-verified working hours 
(Methods). We find that, on average, deforested areas in 
the Americas, Africa, and Asia lost 1.06, 0.54, and 0.85 h 
per day, respectively, due to temperature increases 
associated with deforestation (Figure 1c). 
 
Large areas of land in the tropics experience some degree 
of year to year weather and climate variability and 
therefore some variation in lost safe work hours regardless 
of forest cover (Figure 1c), but a striking increase in 
unsafe thermal environments in recent decades has 
occurred in locations that have experienced deforestation 
(e.g., Masuda et al., 2019). Between 2003 and 2018, the 
proportion of land areas experiencing more than 30 
minutes of safe working time per day was higher in 
deforested compared to forested areas. For example, in 
the Americas, 5% of forested land areas experienced this 
magnitude of work hours lost, whereas 35% of deforested 
land areas experienced the same loss (Figure 2a). 
 
Using Gridded Population of the World version 4 (GPWv4) 
data (CIESIN, 2016), we are able to approximate how 
many people are in areas experiencing increases in lost 
safe work hours (Figure 2b). We conducted sensitivity 
tests with LandScan data (Rose et al., 2020), which 
assumes different spatial distribution of populations, and 
our main results remain unchanged (Methods). We find 
that during the analysis period, the proportion of the 
population living in areas experiencing increases of at 
least 0.5 lost safe work hours per day was higher in 
deforested compared to forested areas. For example, in 
the American tropics, 1.6% of people living in forested 
areas experienced a loss of 0.5 safe work hours per day 
between 2003 and 2018, whereas 8.2% of people living in 
deforested areas experienced similar losses. We find 
similarly disproportionate lost work hours in Africa and 
Asia. In Africa, 8.8% of people living in deforested areas 
experience a loss of 0.5 safe work hours per day, whereas 
only 1.1% of people in forested areas experience a loss of 
0.5 safe work hours per day. In Asia, 15.4% of people 
living in deforested areas experience a loss of 0.5 safe 
work hours per day, whereas 4.7% of people in forested 
areas experience a loss of 0.5 safe work hours per day 
(Figure 2b). 
 
Loss of more than 0.5 safe work hours per day in 2018 
compared to 2003 is relatively common in deforested 
areas, where large fractions of the working day were lost 
in some places. Similar large-scale year on year increases 
in lost safe work hours in areas that maintained forest 
cover are virtually non-existent (Figure 1c; Figure 2a). For 
example, of regions in the Americas where more than two 
safe work hours per day were lost between 2003 and 
2018, 93.8% had experienced deforestation. 
 
Human populations are highly concentrated in certain 
geographic areas. Therefore, we also examine the total 
number of people living in regions where more than 0.5 
safe working hours per day was lost between 2003 and 
2018 by country administrative division 1 - the highest 

subnational unit for each country (CIESIN, 2016). The size 
of the circles on the maps in Fig. 3 denotes the total 
number of people living in deforested areas by 
administrative division; the color of these circles denotes 
the percent of people in deforested areas who have lost at 
least 0.5 safe working hours per day between 2003 and 
2018. Darker red colors in Figure 3 highlight ‘hotspots’, or 
administrative divisions with >30% of population in recently 
deforested areas, where deforestation associated warming 
affects large portions of the population. We find ‘hotspots’ 
in Brazil, Belize, Cambodia, Vietnam, Malaysia, Myanmar, 
Nigeria, and Cameroon. Comparing our predicted work 
loss impacts with Global Rural-Urban Mapping Project’s 
(GRUMP) assessment of urban areas and settlement 
shows that heat exposure in forest loss areas has 
increased both in rural and more densely populated areas. 
Increased heat exposure in the latter areas is not 
surprising given that the rapid urban expansion observed 
in recent decades in many tropical countries has come 
partially - and in some cases - predominantly at the 
expense of forests (Liu et al., 2020).   
 
In 2018, a total of ~19.29 million people living in recently 
deforested areas across the tropics lost more than 0.5 
safe work hours per day, and ~1.4 million people in 
recently deforested areas lost more than 2 safe working 
hours per day (Table S1). By combining general 
population data with outdoor worker statistics (i.e., 
proportion of population working in agriculture, forestry, 
and fisheries sectors; Ruggles et al., 2015), we can also 
estimate the number of outdoor workers living in areas 
experiencing increases in lost safe work hours associated 
with deforestation; data are available for 41 countries 
(Methods). We find that the proportion of outdoor workers 
that have lost more than 0.5 safe working hours per day 
between 2003 and 2018 is higher in deforested as 
compared to forested locations. In the Americas, Africa, 
and Asia, we find that 7.9%, 4.3%, and 10.8%, 
respectively, of outdoor workers in areas deforested during 
2003-2018 lost at least 0.5 safe work hours per day due to 
forest loss, with a total of more than 7.9 million outdoor 
workers exposed to 0.5 safe work hours per day in 2018 
(Table S2). By contrast, only 1.24%, 0.16%, and 2.79%, 
respectively, of outdoor workers in areas that maintained 
forest cover experienced similar losses in safe work hours.  
 
Global warming impacts in recently deforested areas 
Climate models project continued warming in the coming 
decades. Under high emissions scenario Representative 
Concentration Pathway 8.5 (RCP 8.5), global annual mean 
warming of 2°C is expected as early as 2042, and as early 
as 2052 in RCP4.5, a scenario with lower emissions 
(Tigchelaar et al., 2018). Future warming will exacerbate 
effects on unsafe thermal environments via lost safe work 
hours, even if we assume there is no further tropical 
deforestation - an unrealistically conservative baseline 
given current trends (Song et al., 2018). Global climate 
change of +1, +1.5, and +2°C beyond 2018 temperatures 
will increase the total number of people in deforested 
locations experiencing 0.5 unsafe work hours per day by 



	
	

	

5, 6.5, and 7.7 million people, respectively; the number of 
people experiencing more than 2 lost safe work hours 
increases by 2.8, 5.6, and 9.6 million people in these 
areas (Table S1). The impact of additional warming on the 
subsample of outdoor workers in deforested areas 
experiencing >0.5 lost safe work hours per day increases 
by 0.35, 0.47, and 0.55 million people, respectively. Any 
increases in future population or further deforestation will 
increase these numbers. 
 
Figure 4 shows results for the fraction of the population 
living in recently deforested regions that will experience >2 
unsafe work hours lost with and additional +1, +1.5, and 
+2°C of future global warming. Global warming will 
exacerbate the impacts of deforestation-induced local 
warming across much of the tropics in the Americas, Asia 
and eastern Africa. Across all three regions, safe work 
hours lost in recently deforested areas increase by about 
half an hour per degree of global warming (Table S3). 
 
Extensive deforestation exacerbates impacts: The 
case of Amazonian deforestation in Mato Grosso and 
Pará states 
We examine Mato Grosso and Pará states in Brazil to 
illustrate how deforestation-induced temperature effects 
are pronounced in areas that have experienced extensive 
tropical deforestation (Figure 5; brief contextual 
background in Text S1). Both states are at Brazil’s forest 
frontier (Thaler et al., 2019), and together they accounted 
for 63% of all deforestation in the Amazon from 2008-
2019, with an average of over 5,000 km2 of forest cleared 
per year (Assis et al., 2019). 
 
Our analysis indicates that in these states, 335,914 km2 

(20.6% of land area) was deforested before 2003 and 
166,890 km2 (10.2% of land area) was deforested between 
2003 and 2018, whereas 1,123,850 km2 kept forest cover 
(68.8% of the area) and 7,021 km2 gained forest cover 
(0.4% of the area). Temperature increases over 2°C in 
these two states were found in 57.9% of recently 
deforested locations compared to just 7.6% of forested 
locations (Table S4). In total, 215,460 km2 of the Amazon 
forest region of Mato Grosso and Pará states - an area 
approximately the size of France – experienced increases 
of >0.5 hours per day of lost safe work since 2003. In our 
study period, 46.6% of the deforested area experienced 
>0.5 hours per day of lost safe work compared with only 
4.1% of the area that maintained forests. In total, 
approximately 37.8% (~2.64 million people in 2015) of the 
population lost >0.5 hours per day of safe work between 
2003 and 2018. Outdoor workers (here, defined as 
workers in the agricultural, forestry, and fishery sector) 
accounted for 20.5% of the population in these states 
(~1.41 million people). 
 
There are 3,632 km2 of deforested area where more than 
two hours of safe work hours have been lost since 2003, 
impacting an estimated 2,922 people. With future global 
warming of +1, +1.5, and +2°C (under the assumption of 
no further deforestation), deforested areas where more 

than two hours of safe work hours are lost per day will 
increase to 37,112, 56,948 and 82,941 km2, respectively. 
Assuming no further population growth, this will lead to 
144,010, 213,914, and 288,239 people living in areas 
losing more than two hours per day of safe work hours. 
Compared to our analysis of Brazil overall, the warming 
impacts from deforestation in Mato Grosso and Pará state 
are proportionally larger. For example, when considering 
regions where more than two hours per day were lost in 
forested and deforested areas since 2003, Mato Grosso 
and Pará state had 2.3 times more relative land area and 
3.9 times more relative people impacted than Brazil 
overall. 

DISCUSSION  

Warming is already impacting worker health and 
productivity across the tropics, with climate change 
expected to reduce ‘workability’ in the coming century 
(e.g., Kjellstrom et al., 2009; 2013; Dunne et al., 2013; 
Chavaillaz et al., 2019; Li et al., 2020). Yet research so far 
has overlooked how deforestation and associated loss of 
cooling services will impact some of the most vulnerable 
and least resilient populations in the world - rural 
communities in low-latitude countries. This study provides 
estimates of population impacts of combined heat 
exposure from recent deforestation and climate change. 
We show that just 15 years of deforestation (2003-2018) is 
associated with local warming in many locations 
equivalent to a century of unabated global warming 
(Figure 1b; Vargas Zeppetello et al., 2020). We find this 
warming is associated with widespread expansion of 
conditions less conducive for safe heavy physical outdoor 
labor (Figure 1c; Figure 2; Figure 3). Warming from 
deforestation is the most pronounced in tropical South 
America due to large contiguous patches of deforestation 
associated with the expansion of industrial agriculture. By 
contrast, in Africa temperature changes associated with 
deforestation are less extreme, which is consistent with 
the expansion of deforestation by smaller farm operations 
(Vargas Zeppetello et al., 2020; Song et al., 2018).  
 
Tropical deforestation is hastening the arrival of heat 
effects on workability for some of the most vulnerable 
populations in the world in countries that are expected to 
bear the brunt of adverse climate change impacts. Our 
results indicate that over 1.4 million people already live in 
recently deforested areas experiencing at least two hours 
of lost safe work hours per day. The majority of these 
people live Asian countries (Table S1), where there is 
relatively high population density in recently deforested 
tropical forest biome. With an additional 2°C of global 
warming, the number of people living in areas 
experiencing two hours of lost safe work hours per day in 
recently deforested areas will increase by over 9.6 million, 
without taking into account likely increases in local 
populations or further deforestation. As with other research 
that evaluates population exposure of environmental 
changes or threats (e.g., Dunne et al., 2013; Liu et al., 
2017; Xu et al., 2020), our approach provides a 



	
	

	

reasonable estimate for the number of people living in 
areas with unsafe thermal environments. We hope these 
estimates motivate further research to provide more 
granular estimates, which require micro-level data that is 
currently unavailable for the scope of our analysis. 
 
Large portions of the population across the tropics and 
subtropics currently work outdoors throughout the year 
(Table S4) and are therefore likely to be impacted by the 
temperature increases presented here. In American, 
African, and Asian low-latitude countries, ~15.5%, ~55.3%, 
and ~56.1%, respectively, of the population work in the 
agriculture, fisheries, and forestry sectors (Integrated 
Public Use Microdata Series; IPUMS, 2018); these 
numbers are underestimates because they don’t include 
outdoor workers in other sectors. Also not considered here 
are those people engaged in informal labor, such as water 
and fuelwood collection for the household, who may also 
work in hot outdoor environments.  
 
In addition to heat exposure impacts on work productivity 
(e.g., Sahu et al., 2013), heat exposure can cause 
numerous downstream health impacts. Work in deforested 
versus forested settings in Indonesia is associated with 
heat strain, lower cognitive performance, and declines in 
labor productivity (Suter et al., 2019; Masuda et al., 2020, 
2021). Individuals working under heat stress are also more 
likely to experience occupational heat strain and kidney 
disease or acute kidney injury (Flouris et al., 2018; Weaver 
et al., 2015; Santos et al., 2015). Globally, high ambient 
temperatures increase mortality (Gasparrini et al., 2015), 
with large increases in heat-attributable excess mortality 
projected in tropical countries due to global climate change 
(Mora et al., 2017; Lee et al., 2019). Heat exposure can 
also interact with other factors to amplify adverse health 
outcomes, such as traumatic injuries among outdoor 
working populations (Spector et al., 2016). Taken together, 
these findings suggest that heat stress due to 
deforestation may exacerbate the effect of climate change 
on the well-being of individuals and families that rely on 
outdoor work for their livelihood.  

The magnitude of deforestation-associated warming 
reported here (Figure 1b) and elsewhere (Vargas 
Zeppetello et al., 2020; Prevedello et al., 2019) has 
implications for economic impacts of labor lost (e.g., 
Chavaillaz et al., 2019; Orlov et al., 2020) and raises 
questions about long-term adaptation to global warming 
for these hard-hit regions. Beyond the possible 
downstream health impacts outlined above, local warming 
exacerbated by deforestation may have implications for 
migration (Hsiang et al., 2016; Mueller et al., 2014), 
economic production (Carleton et al., 2016), and lower 
human capital (Garg et al., 2018). 

Tropical deforestation remains an issue of global concern 
for global climate change and biodiversity conservation 
(Mittermeier et al., 1998; Gloor et al., 2012; Smith et al., 
2014; Shukla et al., 2019). A growing body of work has 
highlighted how deforestation is associated with local 

warming, particularly at low latitudes (Cohn et al., 2019; 
Vargas Zeppetello et al., 2020; Alkama and Cescatti, 
2016; Prevedello et al., 2019). Our results indicate 
warming from tropical deforestation already impacts 
outdoor workers through the loss of safe work hours 
across the tropics, and these impacts will be exacerbated 
with future warming and possible increases in 
deforestation. There is an urgent need to bolster the 
climate resilience of rural populations in tropical low-
income countries where populations are often identified as 
contributing the least to climate change, but are expected 
to bear a disproportionate burden of its negative effects 
(Harrington et al., 2016; King and Harrington, 2018). 
Activities that drive deforestation, such as the expansion of 
agriculture or logging, are relatively predictable, and can 
be mitigated by proactive land use planning that takes into 
account the cooling services provided by trees. Forest 
protection, reforestation, agroforestry on existing 
agricultural lands, and agricultural intensification with zero 
deforestation commitments may all be viable strategies 
that maintain or add trees that provide cooling services 
that benefit local populations. Indeed, although not 
examined here due to lack of information about timing of 
tree regrowth (Methods), tree cover gain is associated with 
temperature decreases (Prevedello et al., 2019) and 
increases in safe work hours in the tropics (Figure S2). 
These activities also serve as natural climate solutions 
(Griscom et al., 2017) - that is, actions that can contribute 
to climate emissions mitigation and adaptation needs. 
Policy efforts, such as the United Nations’ Decade of 
Ecosystem Restoration, may serve as a pathway to 
accelerating this process. 

EXPERIMENTAL PROCEDURES 

Resource availability 
Lead contact 
Further information should be directed to and will be fulfilled by the 
lead contact, Luke Parsons (luke.parsons@duke.edu). 
 
Materials availability 
This study did not generate new unique materials. 
 
Data and code availability 
The datasets used for this study are available at: MODIS:  
https://oceancolor.gsfc.nasa.gov/data/aqua/, ERA5: 
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-
datasets/era5, CMIP5: https://esgf-node.llnl.gov/search/cmip5/, 
Hansen forest cover: 
https://earthenginepartners.appspot.com/science-2013-global-
forest/download_v1.7.html. 
 
Methods 
Our primary analytic framework (Figure S1) combines spatially 
explicit datasets on forest cover, temperature, and population 
characteristics and counts, as well as established relationships 
between temperatures and safe work hours. Below, we outline 
each component of our analytic framework, and the methods used 
to estimate the impact of increased temperatures on safe work 
hours. All data are interpolated to a common 1km horizontal 
spatial resolution (the unit of analysis) to facilitate comparison. The 
following methods are employed at all spatial scales (e.g., global, 



	
	

	

national, state-level, and local analyses) using data at this 
common 1km spatial scale. 
 
Countries in analysis. Our study examines the local warming 
impacts of low-latitude (here referred to as ‘tropical’) deforestation 
(or lack thereof) and future global climate change. We focus on 
countries that are within 30° of the equator and have tropical forest 
biome (Dinerstein et al., 2017) present within their borders with 
greater than 75% forest cover in the year 2000 (Hansen et al., 
2013). This totals to 94 countries, including 34 countries in North, 
Central, and South America (referred to as ‘Americas’), 31 
countries in Africa, and 27 countries in Southeast Asia (referred to 
as ‘Asia’). These countries (listed in Table S6) represent 3.98 
billion people, of which 7.59% (~300 million) live in tropical forest 
biome.  
 
Forest cover, loss, and gain. We use tree cover data from 
Hansen et al. (2013; hereafter H13) to examine regions that 
maintained and lost forest cover in the tropics and subtropics 
(30°S-30°N) within the tropical and subtropical forest biome 
defined in Dinerstein et al. (2017). The original forest loss data 
from H13 have been updated since 2013, with data up to and 
including 2019 in the v1.7 dataset used here. As in H13, here we 
define a location as forested if a location was >75% forested in the 
year 2000 (first year of forest data coverage) and contains tropical 
forest biome. A forested location was then reclassified as 
‘maintained’ if it did not experience any forest loss over the time 
period of analysis (2003-2018), ‘loss’ when it lost cover and 
showed no forest gain (2003-2018), and ‘gain’ if it was included in 
the H13 ‘gain’ category and experienced no subsequent loss. The 
forest gain dataset in H13 only contains binary information (‘gain’ 
or ‘no gain’) at each location between the years 2000 and 2012. 
Hence, a location that is labeled ‘gain’ in the data set might have 
gained forest prior to our reference year 2003. Therefore, we only 
assess the change in temperatures and heat stress associated 
with forest loss (Figure 1b, 1c). The effects of the geographic scale 
of deforestation have not been accounted for here, and may 
explain some of the variability in temperature changes associated 
with deforestation (e.g. Vargas Zeppetello et al., 2020). Forest 
cover data are provided at a 30m spatial resolution. We use 
bilinear weighting to regrid deforestation data to the 1km resolution 
MODIS data so the dataset could be compared at the same grid 
resolution (‘interp.surface.grid’ in the R ‘fields’ package V. 10.3). 
 
Population data and impacts. We calculate changes in local 
temperature associated with deforestation and the subsequent lost 
safe work hours for heavy outdoor labor. This methodology follows 
on past large-scale studies of broadscale effects of environmental 
conditions (e.g., PM2.5, heat exposure), by estimating the number 
of people in the areas experiencing notable environmental 
changes (e.g., Dunne et al., 2013; Liu et al., 2017; Xu et al., 2020; 
Li et al., 2020). Table S6 lists the total population and outdoor 
worker population estimate by country. 
 
We calculate the temperature changes associated with changes in 
forest cover and overlay these changes on the GPWv4 and 
IPUMS Terra dataset (CIESIN, 2016). The GPW provides spatially 
explicit population data at approximately 1km2 resolution based on 
population counts between 2005 and 2014 (for details see 
http://sedac.ciesin.columbia.edu/data/collection/gpw-v4), which we 
assume to be evenly distributed across administrative unit. The 
main conclusions (e.g., populations living in areas experiencing 
deforestation lost more safe work hours than those in locations 
that maintained forest cover) remain robust if we use LandScan 
data (https://landscan.ornl.gov/) that locates populations in 1km2 
pixels instead of spreading these populations across 
administrative zones (Figure S6).  
 

We use the 2015 GPW population data along with the IPUMS 
Terra data (Ruggles et al IEEE, 2015; MPC 2018) to estimate 
impacts of deforestation-associated temperature changes on 
workers in the agriculture, fishing, and forestry sectors (referred to 
as ‘outdoor workers’ in text). IPUMS Terra extracts information 
from census and survey microdata on individuals and households 
to provide spatially explicit human population characteristics, such 
as employment in specific sectors. Industrial classifications are 
categorized into twelve occupational groups, and are adapted to 
roughly meet the groupings outlined in the International Standard 
Industrial Classifications system. Our primary variable of interest is 
the proportion of the population in ages 16-65 employed in 
agriculture, fishing, or forestry sectors in a given geographic unit 
(e.g., county). We apply this percentage to the corresponding 
geographic unit from the GPW population data that are between 
16-65 years of age to get the number of people in any given 
geographic unit that is working in the agriculture, fishing, or 
forestry sectors. It is possible that this process contains some 
negligible errors that resulted from administrative boundary 
mismatch and data conversion. Note that estimates of outdoor 
worker numbers represent a conservative estimate of the number 
of people working outside. Our estimates assume people’s 
daytime locations on average correspond to the 1km2 pixels to 
which global spatial population datasets assign them. Outdoor 
worker impact estimates are limited to countries that have data on 
industrial classifications, which are available for 41 countries (44% 
of the countries in our analysis), with data on 21 countries in the 
Americas, 13 countries in Africa, and 7 countries in Asia. The 
GPWv4 population data are several years old (2015), and outdoor 
worker statistics (IPUMS Terra, Ruggles et al. IEEE, 2015) do not 
cover all countries containing tropical forest biome in the tropics 
(Table S6). However, the main conclusions of our results do not 
change if we use more recent LandScan population data in place 
of the GPWv4 data (Figure S6).  
 
Diurnal cycles of temperature and humidity. The National 
Oceanic and Atmospheric Administration (NOAA) uses Heat 
Index, which includes temperature and relative humidity, as a 
criterion for issuing safety warnings and predicting health impacts 
associated with heatwaves. Although the MODIS satellite dataset 
provides twice daily values for temperature, higher temporal 
resolution temperature and humidity data are needed to estimate 
work hours lost. Following the methodology of Wolff et al. (in 
review), we use the fifth generation of the European Centre for 
Medium-Range Weather Forecast atmospheric reanalysis data 
product (ERA5; C3S, 2017) to obtain the diurnal (24-hour) cycle of 
temperature and humidity over low-latitude land areas in the years 
2003 and 2018. For each grid point over land (30°S-30°N, 120°W-
170°E), we calculate the average hourly temperature and relative 
humidity in 2003 and 2018 by using the local specific humidity 
from the ERA5 data combined with the diurnal cycle of 
temperature and the assumption that the amount of water vapor in 
the atmosphere was constant. With the shape of the diurnal cycle 
from ERA5 and the two values for daytime and nighttime 
temperatures obtained from MODIS data, we generate hourly 
estimates of heat indices and estimate the total time per day spent 
above the heat stress threshold limit for heavy physical work (see 
section on Heat index distributions below). 
 
We use MODIS data from the 3 hottest months of the year (as 
defined by ERA5 climatology 1979-2018) to study temperature 
changes from 2003 to 2018 because tropical and subtropical 
forest biome extends into regions characterized by more 
pronounced seasonality (Figure 1a). An analysis of ERA5 hourly 
data shows that inclusion of 12-month mean temperatures at 
these locations would mask temperature impacts by averaging 
cool and warm seasons (Figure S8). We use any MODIS 8-day 
composite observations that overlap with the 3 hottest months of 



	
	

	

the year from the ERA5 climatology to define the maximum 
(MODIS Aqua) and minimum (MODIS Terra) values of the diurnal 
cycle of temperature. However, most of our analysis focuses on 
the tropics, so main results related to temperature changes in 
forested vs deforested locations are similar if we analyze more 
months of the year (Figure S2 in SI). We also show results for the 
three hottest months because although outdoor work occurs 
throughout the year in low-latitude countries (Table S5 in SI), 
agricultural workers must work outside in these months. Although 
we use 2-m air temperature to define the hottest months of the 
year, if we use heat index to define the hottest months, the results 
are nearly identical (Figure S7).  
 
Although 2-m air temperature is often used to calculate Heat 
Index, here we rely on land surface temperature from satellite data 
because 2-m air temperature is not available at the necessary 
spatial resolution to conduct this analysis. Here we focus on 
differences in land surface temperature before and after 
deforestation, which should help eliminate much of the 2-m vs land 
surface temperature differences. Recent studies have found that 
canopy air temperatures in tropical forests are between 2 and 5˚C 
warmer than the 2-m air temperatures beneath the canopy (e.g., 
Kumagai et al., 2001), and an analysis of tower data taken over a 
tropical pasture during the GOAMAZON campaign (not shown) 
shows land surface temperatures that are measured by the 
MODIS satellite are generally 2-6˚C warmer than the local 2-m air 
temperature. Because both of our available temperature 
measurements are roughly equally biased towards warmer values 
that are strongly correlated with 2-m air temperature, we do not 
expect our estimates of 2-m air temperature differences between 
forested and deforested regions to be meaningfully biased. 
 
We select two years (2003 and 2018) near the beginning and end 
of the satellite record to estimate the change in temperatures 
associated with changes in forest cover. These are El Niño 
‘neutral’ years and are separated by 15 years to maximize the 
signal of deforestation. Hence, these years minimize the 
contribution of natural variability to the temperature change. The 
main findings remain robust if different years are analyzed (e.g., 
2004 vs 2017; Figure S3), indicating that temperature and 
associated work hours lost results are not due to year to year, 
natural climate variability. 
 
Heat index distributions. Heat Index (HI) was estimated from 
diurnal cycles of temperature and relative humidity (see Diurnal 
cycles of temperature and humidity above) and a refinement of 
Rothfusz’s multiple linear regression analysis of Steadman’s 
complex, multi-parameter equations (See 
https://www.wpc.ncep.noaa.gov/html/heatindex_equation.shtml for 
the equations used). The HI value for the ACGIH Threshold Limit 
Value (TLV) for heat stress, based on existing literature for heavy 
physical work in agriculture or construction is 85˚F (ACGIH, 2009). 
In the text, we report ‘work hours lost’ as the total time per day 
spent above this 85°F heat index threshold. We use NOAA Heat 
Index rather than Wet Bulb Globe Temperature (WBGT) to 
measure heat stress because WBGT is impractical in our study 
contexts. WBGT requires wind speed, sun angle, and cloud cover 
data that are not available. Tustin et al. (2018) and more recently 
Garzón-Villalba et al. (2019) evaluated the use of HI values 
compared to WGBT and conclude HI provides a reasonable 
alternative to WBGT when WBGT is not practical or available.  
 
We assume workers are acclimatized, able to rest in the shade, 
utilize regular single-layer work clothes, and are conducting a 415 
W metabolic rate work, based on literature for heavy physical work 
in agriculture or construction (ACGIH, 2009; Kjellstrom et al., 
2018). In some locations, light labor could be scheduled during the 
hottest part of the day, which we have not examined here. For 

work hours lost estimates, we used the same underlying 
assumptions (e.g., work intensity, clothing) for all industries. 
Although our results do not provide estimates of work productivity 
by specific industries, occupations, or tasks (which drive absolute 
heat stress levels), the relative changes in hours lost due to 
changes in the outdoor work environment from deforestation and 
climate change in different populations and geographical areas 
reported here provide important information about populations at 
highest risk.  

Future temperature changes. We used output from 31 CMIP5 
models (Taylor et al., 2012) to estimate local surface temperature 
and specific humidity changes per degree of global warming 
(‘Pattern scaling’ method; Santer et al., 1990) under a ‘high’ climate 
change scenario (Representative Concentration Pathway 8.5). The 
method allows us to estimate local temperature and humidity 
changes under an additional 1℃, 1.5℃, and 2℃ of warming to 
derive future estimates of heat indices and hours lost. The RCP8.5 
experiment can include land use changes, so local temperature and 
humidity changes from RCP8.5 were compared to changes from 
1%CO2 experiments, and multi-model mean results were found to 
be nearly identical (Figure S4 in SI). We have tested the sensitivity 
of our results using the CMIP5 skin surface temperature (‘ts’) 
variable and the 2-m air temperature variable (‘tas’) and find no 
significant differences in our results (not shown). Regional pattern 
scaling results for surface temperature are shown in Figure S5. We 
limited our analysis to the 31 models that provided surface 
temperature and humidity output: ACCESS1-0, ACCESS1-3, bcc-
csm1-1-m, bcc-csm1-1, BNU-ESM, CCSM4, CESM1-BGC, 
CESM1-CAM5, CMCC-CESM, CMCC-CMS, CMCC-CM, CNRM-
CM5, CSIRO-Mk3-6-0, CanESM2, EC-EARTH, FGOALS-g2, 
FGOALS-s2, FIO-ESM, GFDL-CM3, GFDL-ESM2G, GFDL-
ESM2M, GISS-E2-H, GISS-E2-R, HadGEM2-AO, HadGEM2-CC, 
HadGEM2-ES, inmcm4, IPSL-CM5A-LR, IPSL-CM5A-MR, IPSL-
CM5B-LR, MIROC-ESM-CHEM, MIROC-ESM, MIROC5, MPI-
ESM-LR, MPI-ESM-MR, MRI-CGCM3, MRI-ESM1, NorESM1-ME, 
NorESM1-M. 

SUPPLEMENTAL INFORMATION 

Figure S1. Schematic of study elements and flow.  
Figure S2. Distributions showing differences in temperature in the 
three main tropical forest regions (Americas, Africa, Asia) between 
2018 and 2003. 
Figure S3. Distributions showing differences in hours lost per day in 
the three main tropical forest regions (Americas, Africa, Asia) 
between 2017 and 2004. 
Figure S4. Maps showing differences between local temperature 
changes per degree of global warming in CMIP5 RCP8.5 (including 
land use in some simulations) and idealized 1%CO2 experiments 
Figure S5. Maps showing multi-model mean local temperature 
changes per degree of global warming in the CMIP5 RCP8.5 
experiment 
Figure S6. Percent of population that experienced increases in loss 
of safe work hours per day between 2003 and 2018 in forested and 
deforested areas in GPW and LandScan data 
Figure S7. Maps showing the climatological mean (1979-2018) 
three hottest calendar months of the year in ERA5 in 2-m air 
temperature and heat index 
Figure S8. Map showing the number of days in the year 2018 in 
tropical forest  
Figure S9. Distributions showing differences in hours lost in the 
three main tropical forest regions between 2018 and 2003 for all 
tropical biome locations (including all locations with <0.25 hours lost 
per day in 2003) 



	
	

	

Figure S10. Distributions showing differences in hours lost in 
tropical forest biome in Mato Grosso and Para states between 2018 
and 2003 for all locations (including all locations with <0.25 hours 
lost per day in 2003) 
Table S1: GPW2015 population exposure to >0.5 and >2 hours lost 
in 2018, and with additional 1, 1.5, and 2℃ warming  
Table S2: GPW2015+Terrapop outdoor worker population 
exposure to >0.5 and >2 hours lost in 2018, and with additional 1, 
1.5, and 2℃ warming. Terrapop data on outdoor workers are 
available for 41 of the 94 countries. 
Table S3: Safe work hours lost in deforested areas in 2018, and 
with additional global warming 
Table S4: Forest cover and temperature changes 2003-2018 in 
Mato Grosso and Pará states in Brazil. 
Table S5: Agricultural activity by month for major agricultural crops. 
Table S6: List of countries in heat exposure, safe work hours lost, 
and outdoor worker analysis 
Supplemental Text S1: Further information about deforestation in 
Brazil 
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Figure 1. Tropical forest cover loss and associated temperature changes and safe work hours lost 
Map (A) shows tropical and subtropical forest biome and distributions (B, C) show temperature and safe work hours lost differences 2003-
2018. Map (A) illustrates regions with forest cover in the year 2000 (grey; Hansen et al., 2013), regions deforested between 2003 and 2018 
(red, Hansen et al., 2013), and locations with tropical and subtropical forest biome that were deforested before the start of the study period 
(green, Dinerstein et al., 2017). Differences in temperature (B) and differences in safe work hours lost (C) between 2018 and 2003 are 
shown for the three main tropical forest regions. Grey curves show PDFs of areas that maintained forest cover (‘kept forest’, corresponding 
to grey locations on map) and red curves show locations that lost forest cover (‘lost forest’, corresponding to red locations on map). PDFs 
showing changes in hours lost per day show distributions from locations with greater than 0.25 hours lost per day in 2003 (PDFs with all 
locations shown in Figure S9). Americas includes 34 countries, Africa includes 32, and SE Asia includes 27 countries (full list of countries 
in Table S6). 
  



	
	

	

 
Figure 2. Land area and population in forested and deforested locations 
Percent of land area (A) and percent of population (B) that experienced increases in loss of safe work hours between 2003 and 2018 in 
forested and deforested areas in the Americas, Africa, and Asia. 
 



	
	

	

 
Figure 3. Population in deforested areas with greater than 0.5 safe work hours lost 
Population living in deforested areas (in thousands) and percent of population living in deforested areas where more than 0.5 hours of safe 
work hours were lost between 2003 and 2018. The size of the circles scales with increasing population, and the color of the circles scales 
with proportion of population. 

  



	
	

	

 
Figure 4. Population in deforested areas with greater than 2 work hours lost 
Percent of population living in deforested areas exposed to > 2 hours of safe work hours lost in deforested areas in 2018 and with an 
additional 1℃, 1.5℃, and 2℃ of global warming, assuming no further deforestation or population change. The size of the circles scales 
with increasing population, and the color of the circles scales with proportion of population. 



	
	

	

 
 
Figure 5. Changes in forest cover, temperatures, and lost safe work hours between 2003 and 2018 in Mato Grosso and Pará states 
Forest cover change (A), temperature change (B), lost safe work hours change (C), and distributions showing temperature changes (D) 
and lost safe work hour changes (E). Differences shown for locations that maintained forest and lost forest in Mato Grosso and Pará 
states in Brazil between 2003 and 2018. PDFs showing changes in hours lost per day (E) show distributions from locations with greater 
than 0.25 hours lost per day in 2003 (PDFs with all locations shown in Figure S10). 
 



Figure S1. Schematic of study elements and flow. Figure modified from (Wolff et al.). 
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Figure S2. Distributions showing differences in temperature in the three main tropical forest 
regions (Americas, Africa, Asia) between 2018 and 2003. Similar to Figure 1B in the main text, 
but temperature data are from the 6 hottest months of the year (3 hottest months used in the 
main text). Grey curves show PDFs of areas that maintained forest cover, red curves show 
locations that lost forest cover, and blue curves show locations that gained forest cover. Americas 
includes 34 countries, Africa includes 32, and SE Asia includes 27 countries (full list of countries 
in Table S6 in SI). 
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Figure S3. Distributions showing differences in hours lost per day in the three main tropical forest 
regions (Americas, Africa, Asia) between 2017 and 2004. Similar to Figure 1C in the main text, 
but 8-day MODIS temperature data are from all months in 2004 and 2017. Grey curves show 
PDFs of areas that maintained forest cover and red curves show locations that lost forest cover. 
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Figure S4. Maps showing differences between local temperature changes per degree of global 
warming in RCP8.5 (including land use in some simulations) and idealized 1%CO2 experiments 
that do not include land use change (N=27 models that included air temperature output from both 
experiments). Red shading indicates more local warming per degree of global warming in the 
RCP8.5 experiments, and blue shading indicates more warming in 1%CO2 experiments. Note 
there is no more warming in the multi-model mean RCP8.5 pattern than in the multi-model mean 
1%CO2 pattern. 
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Figure S5. Maps showing multi-model mean local temperature changes per degree of global 
warming in the CMIP5 RCP8.5 experiment (N=31 models). 
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Figure S6. Percent of population that experienced increases in loss of safe work hours per day 
between 2003 and 2018 in forested and deforested areas in low-latitude countries in the 
Americas, Africa, and Asia. Top row shows results using population data from GPW, and bottom 
row shows results from LandScan data (Methods). Note the similarity in the main results, and that 
the dataset used in the main text provides a conservative estimate of population impacts of 
deforestation. 
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Figure S7. Maps showing the climatological mean (1979-2018) three hottest calendar months of 
the year in ERA5 if 2-m air temperature is used to define the hottest months (top), if heat index is 
used to define the hottest months (middle), and the locations at which the hottest months of the 
year do not overlap using these two variables (bottom). In the top two maps, colors indicate 
month of year (Jan-Dec), with the hottest month in the top row, the second hottest in the middle 
row, and the third hottest in the bottom row. Note that within the tropical forest biome (green 
shading in bottom map), there are only a few (<1%) of locations in the Amazon where the hottest 
months do not overlap for heat index and temperature. 
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Figure S8. Map showing the number of days in the year 2018 in tropical forest biome that 
exceeded the 85°F heat index ‘caution’ threshold in hourly ERA5 data. Line plot shows the zonal 
mean number of days in which this threshold is exceeded. Temperature and relative humidity are 
used to calculate Heat Index as in Methods. Note that most days of the year exceed this 
threshold at ~3°S, but further from the equator, fewer days exceed this heat index threshold. 
Results are similar for Africa and Asia (not shown). 
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Figure S9. Distributions showing differences in hours lost in the three main tropical forest regions 
between 2018 and 2003 for all locations (including all locations with <0.25 hours lost per day in 
2003). Grey curves show PDFs of areas that maintained forest cover (‘kept forest’), red curves 
show locations that lost forest cover (‘lost forest’), and blue curves show locations that gained 
forest cover (‘gained forest’). Note similarity to Figure 1c, except the PDFs are dominated by a 
lack of increases in hours lost per day in locations that maintained forest. 
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Figure S10. Distributions showing differences in hours lost in tropical forest biome in Mato 
Grosso and Para states between 2018 and 2003 for all locations (including all locations with 
<0.25 hours lost per day in 2003). Grey curves show PDFs of areas that maintained forest cover 
(‘kept forest’), red curves show locations that lost forest cover (‘lost forest’), and blue curves show 
locations that gained forest cover (‘gained forest’). Note similarity to Figure 5e, except the PDFs 
are dominated by a lack of increases in hours lost per day in locations that maintained forest. 
 

 
  



 
 

10 
 

Table S1: GPW2015 population exposure to >0.5 and >2 hours lost in 2018, and with additional 
1, 1.5, and 2℃ warming  
 

Total Population (GPW2015) Exposure to >0.5 hours lost 

 

Population 
in 
2018 

Population 
With 1℃ 
Warming 

Population 
With 1.5℃ 
Warming 

Population 
With 2℃ 
Warming 

Δ Pop. 
With 1℃ 
Warming 

Δ Pop. 
With 1.5℃ 
Warming 

Δ Pop. 
With 2℃ 
Warming 

Americas No Loss 10,462,379 16,949,969 20,068,158 22,897,714 6,487,590 9,605,778 12,435,335 

Americas Loss 2,955,182 3,783,859 4,122,485 4,389,506 828,677 1,167,303 1,434,324 

Africa No Loss 2,474,022 9,978,266 12,829,535 15,219,124 7,504,244 10,355,514 12,745,102 

Africa Loss 898,710 1,835,660 2,138,373 2,388,611 936,950 1,239,664 1,489,901 

Asia No Loss 57,753,876 82,107,401 92,521,652 101,213,145 24,353,526 34,767,777 43,459,269 

Asia Loss 15,443,400 18,674,098 19,596,935 20,218,514 3,230,698 4,153,534 4,775,114 

All Loss region 
Totals 19,297,292     

Increase in 
Pop. 
Exposure 4,996,325 6,560,501 7,699,339 

        

Total Population (GPW2015) Exposure to >2 hours lost 

 

Population 
in 
2018 

Population 
With 1℃ 
Warming 

Population 
With 1.5℃ 
Warming 

Population 
With 2℃ 
Warming 

Δ Pop. 
With 1℃ 
Warming 

Δ Pop. 
With 1.5℃ 
Warming 

Δ Pop. 
With 2℃ 
Warming 

Americas No Loss 512,797 1,499,268 2,528,808 4,458,673 986,471 2,016,010 3,945,876 

Americas Loss 224,087 682,619 1,085,503 1,591,237 458,532 861,416 1,367,150 

Africa No Loss 4,986 31,564 91,626 401,487 26,578 86,640 396,501 

Africa Loss 18,684 38,566 80,848 183,932 19,881 62,163 165,247 

Asia No Loss 3,255,316 10,745,152 19,333,398 30,980,091 7,489,836 16,078,083 27,724,776 

Asia Loss 1,239,852 3,554,177 5,949,257 9,297,391 2,314,325 4,709,405 8,057,540 

All Loss region 
Totals 1,482,623     

Increase in 
Pop. 
Exposure 2,792,738 5,632,984 9,589,937 



 
 

11 
 

Table S2: GPW2015+Terrapop outdoor worker population exposure to >0.5 and >2 hours lost in 
2018, and with additional 1, 1.5, and 2℃ warming. Terrapop data on outdoor workers are 
available for 41 of the 94 countries. 
 
 

Population (GPW2015+Terrapop) Exposure to >0.5 hours lost 

  

Population 
in 
2018 

Population 
With 1℃ 
Warming 

Population 
With 1.5℃ 
Warming 

Population 
With 2℃ 
Warming 

Δ Pop. 
With 1℃ 
Warming 

Δ Pop. 
With 1.5℃ 
Warming 

Δ Pop. 
With 2℃ 
Warming 

Americas 
No Loss 2,494,177 4,193,672 4,908,832 5,530,972 580,538 784,587 911,531 

Americas 
Loss 836,598 1,093,401 1,183,995 1,255,405 61,978 85,372 102,568 

Africa No 
Loss 105,429 418,365 793,603 1,326,392 319,738 476,850 619,602 

Africa Loss 152,814 248,769 289,000 320,875 50,383 69,368 81,602 

Asia No 
Loss 20,946,590 32,320,858 37,133,934 41,060,979 510,773 738,731 924,846 

Asia Loss 6,947,812 8,759,731 9,232,041 9,533,208 234,468 311,827 370,623 

All Loss 
region 
Totals 7,937,224     

Increase in 
Pop. 
Exposure 346,829 466,567 554,793 

        

Population (GPW2015+Terrapop) Exposure to >2 hours lost 

 

Population 
in 
2018 

Population 
With 1℃ 
Warming 

Population 
With 1.5℃ 
Warming 

Population 
With 2℃ 
Warming 

Δ Pop. 
With 1℃ 
Warming 

Δ Pop. 
With 1.5℃ 
Warming 

Δ Pop. 
With 2℃ 
Warming 

Americas 
No Loss 20,120 94,773 197,122 421,665 141,620 263,398 673,760 

Americas 
Loss 14,218 60,650 115,262 194,576 18,515 33,631 81,176 

Africa No 
Loss 2,335 7,751 12,338 20,120 55,945 113,277 214,509 

Africa Loss 5,706 12,401 16,823 23,152 6,723 14,603 31,402 

Asia No 
Loss 537,008 2,015,254 4,127,587 7,423,333 145,622 610,894 1,449,769 

Asia Loss 289,851 968,713 1,700,925 2,764,569 70,413 207,321 499,656 

All Loss 
region 
Totals 309,776     

Increase in 
Pop. 
Exposure 95,651 255,555 612,234 
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Table S3: Safe work hours lost in deforested areas in 2018, and with additional global warming. 
 

Median Hours Lost in Deforested Areas 

  Americas Africa Asia 

2018 0.79 0.29 0.60 

1.0°C 1.31 0.67 1.07 

1.5°C 1.60 0.89 1.32 

2.0°C 1.94 1.13 1.61 

    

Maximum Hours Lost in Deforested Areas 

  Americas Africa Asia 

2018 4.94 3.30 5.64 

1.0°C 5.60 4.03 6.93 

1.5°C 6.14 4.48 7.58 

2.0°C 6.80 4.95 8.25 
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Table S4: Forest cover and temperature changes 2003-2018 in Mato Grosso and Pará states in 
Brazil. 
 

 Forest cover  Temperature stats 

Forest category 
Pixel 

count* Area km2 
% 

area Pixel count* 
Mean temp 

diff Mean hours lost 
not considered 394,045 335,914 20.6 362,598 1.22 0.31 

Kept 1,315,114 1,123,850 68.8 1,248,077 0.66 0.09 
Lost 195,710 166,890 10.2 192,148 2.86 0.57 

Gained 8,209 7,021 0.4 8,025 0.32 0.11 
Total 1,913,078 1,633,675  1,810,848 1.01 0.18 

Kept + Lost + Gained     0.95 0.15 
Kept + Lost     0.96 0.15 

       

*Note: forest cover numbers are slightly higher than when temperature / hours lost is considered due to 
some missing MODIS pixels (result of mask used from ERA5 data) 
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Table S5: Agricultural activity by month for major agricultural crops. Grey cells denote agricultural 
activity. Data come from the Food and Agricultural Organization of the United Nations. Data are 
unavailable for smaller island states that remain overseas territories or other political designations 
(e.g., Montserrat). Major agricultural crops include maize, rice, potatoes, wheat, sorghum, millet, 
soybean, barley, beans, cassava, sweet potatoes, and fruits and vegetables.  
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Table S6: List of countries in heat exposure, safe work hours lost, and outdoor worker analysis 
 

    Total* Tropical forest biome** Deforestation*** Outdoor worker 

Region Country Area Population Area Population Area Populatio
n 

populatio
n 

Total lost 
hours 

Africa Cameroon 468,427 23,229,610 194,785 2,882,901 6,903 229,773 99,521 8,817 

Ghana 240,387 27,492,190 2,156 204,028 378 41,102 20,028 4,715 

Guinea 244,552 12,056,776 2,014 55,580 160 4,999 4,430 750 

Liberia 96,734 4,490,592 42,840 633,098 3,058 70,110 46,697 6,179 

Mozambiq
ue 

791,645 27,862,364 2,537 47,070 686 14,296 12,398 1,936 

Nigeria 914,746 181,840,595 2,769 156,470 73 8,625 4,292 1,158 

Rwanda 25,559 11,626,890 1,037 97,190 45 12,823 9,998 159 

Sierra 
Leone 

72,747 6,326,399 2,427 123,948 469 26,247 22,384 2,977 

South 
Africa 

748,337 39,882,014 564 8,281 133 2,524 298 0 

South 
Sudan 

633,921 12,395,929 536 31,092 22 1,328 765 3 

Uganda 243,119 39,031,717 7,072 992,412 1,254 199,431 173,166 71,059 

United 
Republic of 
Tanzania 

945,744 53,222,365 6,104 498,605 1,046 69,823 44,942 8,770 

Angola 1,254,27
0 

24,997,508 2,732 44,948 140 2,406 - - 

Burundi 27,037 11,136,192 262 70,792 6 1,729 - - 

Central 
African 
Republic 

623,651 4,851,103 52,125 488,255 1,530 28,034 - - 

Comoros 1,662 751,251 810 351,899 29 16,980 - - 

Congo 342,886 4,550,072 227,901 1,296,270 4,296 26,531 - - 

Côte 
d'Ivoire 

323,852 22,668,811 5,750 260,221 1,702 93,228 - - 

Democratic 
Republic of 
the Congo 

2,344,60
0 

77,379,335 1,162,55
7 

17,244,899 75,785 1,964,996 - - 

Equatorial 
Guinea 

27,182 837,775 27,182 700,140 1,176 33,922 - - 

Ethiopia 1,136,55
0 

99,359,347 20,677 1,581,190 982 83,441 - - 

Gabon 265,799 1,677,547 232,261 646,416 3,124 12,944 - - 
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Kenya 586,251 45,919,942 10,404 846,855 1,283 158,884 - - 

Madagasc
ar 

591,914 24,029,580 65,606 1,945,194 14,426 468,520 - - 

Mayotte 381 216,934 217 97,265 14 4,099 - - 

Sao Tome 
and 
Principe 

998 181,985 56 2,588 - 0 - - 

Seychelles 503 86,681 1 1 - 0 - - 

Somalia 636,707 10,742,718 4 43 - 0 - - 

Swaziland 17,360 1,286,770 9 398 - 0 - - 

Togo 57,132 7,128,875 3 268 1 176 - - 

Zimbabwe 392,721 15,597,109 114 4,679 40 1,627 - - 

Americas 
  

Antigua 
and 
Barbuda 

455 84,714 22 2,423 - 0 - - 

Argentina 898,290 9,477,458 57,995 1,174,114 5,379 106,103 34,917 793 

Bolivia 1,090,55
0 

10,730,188 338,294 1,398,871 19,127 113,671 51,947 7,919 

Brazil 8,428,77
0 

203,350,369 4,442,91
7 

13,408,721 346,43
5 

1,970,502 470,188 130,533 

Colombia 1,145,50
0 

48,135,992 780,884 13,301,860 33,864 874,381 171,057 8,557 

Costa Rica 51,366 4,790,686 33,454 1,573,406 1,928 119,095 25,636 3,668 

Cuba 111,407 11,282,201 13,804 933,961 1,626 98,932 27,911 975 

Dominican 
Republic 

48,355 10,445,640 12,867 1,894,948 1,898 287,672 28,929 2,729 

Ecuador 257,972 16,008,025 172,043 3,159,363 7,333 255,091 77,609 9,277 

El Salvador 20,856 6,119,860 889 247,868 55 19,035 3,798 36 

Haiti 27,165 10,569,922 3,880 1,156,492 442 112,919 60,471 5,520 

Honduras 112,781 8,039,244 33,890 1,418,654 5,834 212,383 77,512 4,508 

Jamaica 11,024 2,757,777 6,569 1,283,348 354 74,181 10,332 508 

Mexico 1,771,53
0 

120,701,869 166,927 4,032,191 21,455 701,469 235,620 6,000 

Nicaragua 129,155 6,072,453 51,650 1,031,345 13,832 192,353 126,207 23,783 

Panama 75,332 3,885,762 53,708 1,239,366 3,649 106,118 27,460 1,650 

Paraguay 401,212 6,632,151 34,560 686,639 9,704 172,815 103,844 13,580 

Peru 1,298,80
0 

31,158,904 873,001 3,659,149 33,324 361,329 180,550 19,791 
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Puerto 
Rico 

8,986 3,649,029 4,656 705,155 868 92,263 1,516 26 

Saint Lucia 606 178,983 322 65,409 2 156 45 0 

Trinidad 
and 
Tobago 

5,176 1,328,682 3,928 618,932 219 34,313 3,224 28 

Venezuela 917,960 30,942,926 479,127 5,213,783 7,882 232,310 30,323 1,719 

Belize 21,883 351,756 16,567 190,667 2,116 23,575 - - 

British 
Virgin 
Islands 

155 25,591 13 3,915 1 314 - - 

Dominica 755 70,974 628 47,732 283 16,395 - - 

French 
Guiana 

83,851 264,057 83,851 154,832 673 3,837 - - 

Grenada 320 96,223 203 49,285 7 1,624 - - 

Guadeloup
e 

1,706 436,997 508 81,133 3 520 - - 

Guatemala 109,689 16,331,570 52,801 3,058,682 12,217 565,608 - - 

Guyana 213,126 756,151 213,126 190,834 2,089 10,906 - - 

Martinique 1,110 381,695 467 121,108 21 5,021 - - 

Montserrat 102 4,962 19 415 2 0 - - 

Saint Kitts 
and Nevis 

264 51,353 69 9,427 1 152 - - 

Saint 
Vincent 
and the 
Grenadine
s 

429 105,135 146 30,722 - 0 - - 

Suriname 146,067 538,228 146,067 181,944 1,993 19,585 - - 

United 
States 
Virgin 
Islands 

354 95,138 70 11,495 9 797 - - 

Asia Cambodia 182,528 15,548,663 28,532 564,628 3,606 148,610 115,689 63,796 

China 2,128,61
0 

491,171,401 426,071 38,301,693 46,961 4,824,544 3,703,10
0 

371,872 

Indonesia 1,901,18
0 

254,112,393 1,546,39
1 

83,778,204 217,25
7 

11,738,08
3 

6,107,22
4 

1,246,88
3 

Malaysia 331,976 29,862,527 307,719 13,208,899 67,285 3,565,653 836,870 271,118 

Papua 
New 
Guinea 

465,311 7,532,940 442,190 5,550,525 15,482 239,307 170,650 8,873 

Philippines 297,847 97,352,957 157,450 17,665,691 11,286 1,292,735 670,754 69,299 
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Viet Nam 329,403 92,708,624 95,858 6,493,891 10,944 859,052 635,266 302,973 

Australia 5,792,52
0 

5,515,937 14,789 28,478 419 424 - - 

Banglades
h 

140,460 159,394,492 8,189 996,374 1,196 130,723 - - 

Bhutan 37,820 817,630 2,876 59,327 23 859 - - 

Brunei 
Darussala
m 

5,938 423,087 5,889 190,891 217 26,416 - - 

Fiji 18,394 819,134 10,584 157,465 151 2,884 - - 

Hong Kong 1,086 6,237,494 282 432,023 2 30,582 - - 

India 2,903,72
0 

1,248,171,66
1 

110,423 15,426,965 8,796 935,070 - - 

Japan 3,684 1,296,810 1,914 163,979 53 9,518 - - 

Lao 
People's 
Democratic 
Republic 

231,617 6,848,024 160,960 1,842,288 24,464 405,697 - - 

Myanmar 670,395 53,259,621 325,019 8,727,422 24,057 746,665 - - 

Nepal 143,960 28,437,592 7,128 577,320 62 4,573 - - 

New 
Caledonia 

18,667 231,642 8,374 48,776 79 995 - - 

Palau 454 14,768 327 7,054 8 189 - - 

Singapore 598 5,339,840 96 378,781 11 70,625 - - 

Solomon 
Islands 

28,445 535,669 28,148 331,235 1,875 25,389 - - 

Sri Lanka 66,603 20,386,731 10,734 4,379,947 407 189,802 - - 

Taiwan 36,292 23,011,757 25,204 3,057,117 343 53,048 - - 

Thailand 518,401 67,826,817 114,565 5,887,122 11,728 933,541 - - 
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Text S1. Further information about deforestation: Mato Grosso and Pará state 
Deforestation has largely been driven by increases in cattle ranching and soy production (1,2), as 
the agricultural sector is a dominant part of the economy in both states. For instance, in Mato 
Grosso state approximately 80% of the state’s GDP outside of the capital comes from the 
agricultural sector (3). The region experienced declines in deforestation in the early 2000s (2,4,5), 
but since 2012 deforestation rates have increased, and Brazil remains the second highest 
contributor to global forest loss. Road development, land use policies incentivizing forest 
conversion, population growth, and increasing investments are also seen as primary factors of 
deforestation from agricultural expansion (6,7,8), marking Mato Grosso and Pará state as an 
important case study for understanding the temperature effects from widespread tropical 
deforestation. 
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