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Forests are the dominant terrestrial ecosystem1, covering 30.6% 
of the global land area in 20152. They are not only home to 
many of the species on Earth but are also of significant impor-

tance to human wellbeing by providing invaluable ecosystem ser-
vices1. Among forest biomes, tropical forests stand out as the richest 
biodiverse ecosystems, harbouring 50–90% of all terrestrial spe-
cies3,4. Despite accounting for only 0.7% of the total tropical forest 
area worldwide5, mangroves (groups of trees in tropical and sub-
tropical tidal areas) create habitats for a variety of animal species, 
especially marine megafauna6.

It was reported that the world’s forest area has been declining 
annually over the last 25 years2. Deforestation, which has become 
a major global concern, contributes largely to anthropogenic 
greenhouse-gas emissions7, biodiversity loss8 and changes in the 
hydrological cycle9. Over half of Earth’s remaining tropical rain-
forests are located in the Amazon Basin10, where the deforestation 
rate has increased since 201311. Locals use fire to illegally clear forest 
areas to be used for crops (mainly soybean) and cattle grazing12–14. 
Under the efforts of Jair Bolsonaro’s government to weaken forest 
conservation policies to step up unsustainable patterns of develop-
ment15,16, the number of forest fires and deforestation has increased 
sharply in the Brazilian Amazon since 201912,17. Economic devel-
opment, population growth and international trade hold the main 
responsibility for global deforestation18–25, which has been driven 
by commodity production, forestry, agriculture and urbanization, 
among others26. The relationship between forest degradation and 
the international demand for agricultural and forestry commodities 
has been confirmed in the literature18,19,22.

Many developed countries, such as the USA, Japan, Germany, 
France, the UK, and Italy, and several developing countries, such 
as China and India, have obtained net domestic forest gains2,27. The 
net forest gains made in these countries were partially offset by 
importing embodied deforestation from elsewhere19. However, the 
spatial distribution of deforestation embodied in imports has not 
been dealt with in depth. Furthermore, while several studies have 
analysed the deforestation induced by the production and exports 
of forest-risk commodities, these analyses either focused on selected 

tropical countries with high deforestation rates13,24,28,29 or used out-
dated deforestation data30. Overcoming these problems, Pendrill 
et al. recently quantified deforestation (based on new advance for-
est loss data) as being associated with the expansion of agriculture 
and forest plantations across the tropics and subtropics18,19. In spite 
of that, they used an assumption-based simple land balance model 
that did not capture all possible land-use transitions18. An analysis 
was conducted by Zhang et al. at the global scale, but it only cap-
tured timber harvest footprints and could not identify the deforesta-
tion footprints due to agriculture and other sectors31.

Thus, previous works were limited to non-spatial estimations of 
embodied deforestation, either from several forest-risk commodi-
ties or within the tropics and subtropics, while the global deforesta-
tion embodied in international trade has never been fully mapped. 
As such, tracing the spatial patterns of the deforestation footprint 
enables better identification of deforestation dynamics, which can 
lead to a more effective approach to reducing the ecological impacts 
of global deforestation in general and forest clearance at biodiversity 
hotspots in particular. Using high-resolution forest loss data32, a real 
spatial classification of deforestation drivers26 and a detailed global 
supply chain model33,34 (Fig. 1 and Methods section), we thus pres-
ent a mapping-based comprehensive synthesis of how international 
trade drove the spatiotemporal changes in global deforestation over 
15 years. Our analysis addresses two main questions: (i) Which 
deforestation hotspots are driven by which consumer countries?  
and (ii) Which forest ecosystems, tropical rain forests or other forest 
types are the top targets of global supply chains?

Results
To build high-resolution maps of the deforestation footprint of 
various nations, the global forest loss (represented by Landsat 
imagery-based maps developed by Hansen et al.32) was linked to the 
yearly global supply chain model during 2001–2015. While there  
are multiple coexisting concepts and definitions of deforesta-
tion35, within the context of this study, we use the term ‘deforesta-
tion’ to refer to the forest loss in Hansen’s data, where deforestation 
includes both short- and long-term losses of forest cover. Forest loss 
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is subsequently defined as complete removal of tree cover exceed-
ing 5 m in height (in year 2000) at the Landsat pixel scale32. Only 
forest loss associated with the dominant anthropogenic activities26, 
which are agriculture, forestry, urbanization and production of 
other commodities, was used in the mapping. Because Hansen’s 
data also include removed plantations36, we exclude tree plantations 
from the deforestation calculation by developing a spatial plantation 
mask layer (see Supplementary Appendix 1 for details). While we 
acknowledge the uncertainty of the deforestation footprint maps, 
attribution of forest loss to deforestation drivers, which is based on 
spatially explicit data, allows us to locate the potential deforestation 
footprint at a pixel level. Because our analysis does not trace the 
subnational supply chain, it is not possible to accurately link defor-
estation in one subnational area to consumption in each country.

In general, we find that the main trading partners implicated in 
deforestation footprints include many tropical countries, such as 
Brazil, Madagascar, Argentina, Indonesia and Côte d’Ivoire. These 
countries majorly export forest-risk commodities (for example, 
cattle, soybeans, coffee, cocoa, palm oil and timber) to the G7 
countries and China. Based on consumption and sourcing pat-
terns, the spatial coverage of deforestation footprints and location 
of potential deforestation hotspots vary between countries. Figure 2 
shows the 15-year cumulative spatial deforestation footprints of the 
USA, China, Japan, Germany (the world’s four largest economies), 
Singapore (an Asian Tiger) and Brazil (with the largest tropical 
rainforest area). Given the small population size, the deforestation 
induced by Singaporean consumption mainly occurs in countries 
throughout Southeast Asia (especially in Peninsular Malaysia and 
Sarawak) and some unexpected footprints in eastern Madagascar 
and the Petén Basin of northern Guatemala. Conversely, Brazil has 
primarily driven domestic deforestation along with footprints in the 

Gran Chaco region (northern Argentina and western Paraguay), and 
several other countries. The maps of the largest economies clearly 
confirm that international trade is associated with global deforesta-
tion. China, Japan and Germany have similar spatial ranges of defor-
estation footprints that spread at the tropics (from Southeast Asia, 
East to West Africa and throughout the Amazon rainforest) and 
also cover southern Canada, the southern USA, Central America, 
Northern Europe, Portugal as well as parts of Russia. However, the 
dissimilar levels of these countries’ deforestation footprints can 
be identified in several deforestation hotspots. While cocoa con-
sumption in Germany poses the highest risk to the forests in Côte 
d’Ivoire and Ghana, deforestation in coastal Tanzania is dominated 
by Japanese consumers for some agricultural commodities, such as 
cotton and sesame seed. China shares the most significant responsi-
bility for deforestation in Indochina—particularly in northern Laos 
for timber and rubber.

The US footprint is clearly distinguishable from those of the 
countries listed above, with US consumption leading to higher 
deforestation in several deforestation hotspots (see Supplementary 
Video for details). These hotspots include central Cambodia, east-
ern Madagascar, Liberia, Central America (the Petén Basin of 
Guatemala, eastern Honduras and central and eastern Nicaragua), 
southern Chile and southern Amazon rainforest (where agriculture 
and grazing are extensive in the Brazilian highlands37 and northern 
Argentina). The USA became the main importer of a wide range 
of commodities from these tropical countries, for example, timber 
from Cambodia, rubber and related products from Liberia, edible 
fruits and nuts from Guatemala and soy and beef from Brazil. 
We also observe a high US deforestation footprint in Canada as a 
result of the US being the primary export destination for Canada’s 
forest products38, of which a certain proportion is sourced from 
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Fig. 1 | Scheme to map the 15-year deforestation footprint induced by consumption in Singapore. We linked three map layers, namely dominant drivers of 
deforestation for 2001–201526, 30-m resolution annual global forest loss32 and detailed country-level boundaries71, in a high-resolution global supply chain 
model33,34 and then generated a 30-m resolution map series of embodied deforestation, per country and year. The deforestation drivers are (1) forestry, 
(2) urbanization (expansion of urban land caused by a multitude of factories and commercial services) and (3) agricultural and other commodities (for 
example, oil palm, soybeans, livestock, mining and energy infrastructure).
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fast-growing tree plantations and could not be distinguished in our 
analysis because of the limitation of forest loss data. High-resolution 
deforestation footprint maps of all G20 countries can be found in 
Supplementary Fig. 6.

The degree of deforestation footprints also varies by different 
deforestation drivers at the subnational level. For instance, coffee 
imports in the USA, Germany and Italy induce dramatic deforesta-
tion in the Central Highlands of Vietnam, while timber exploita-
tion in North Vietnam mainly exports to China, South Korea and 
Japan. In Brazil, timber products from Mata Atlântica are mostly 
consumed domestically. However, consumption across the EU-27 
nations, the USA and China drives deforestation in the Amazônia 
and Cerrado biomes of Brazil for soy and beef. Japan’s timber 
consumption poses the highest risk to the forests in Sarawak (a 
Malaysian state on Borneo) while China shares the most significant 
responsibility for deforestation across the country (from Peninsular 
Malaysia to East Malaysia) because of the imports of agricultural 
commodities, such as oil palm, rubber and cocoa.

Using the high-resolution deforestation footprint maps shown in 
Fig. 2, we produced country profiles for the temporal trends of the 
deforestation footprints (Fig. 3a). Despite the growing recognition 
of the seriousness of deforestation in developing countries, defor-
estation footprints have remained largely unchanged. While forest 
restoration can reverse the effects of deforestation, our maps cannot 
integrate both dimensions, that is, forest loss and gain, into defores-
tation footprints because of the lack of yearly forest gain in Hansen’s 
data. To deepen understanding of the relationship between defor-
estation footprint and forest restoration, we quantify and compare 
forest cover and international trade-adjusted forest cover changes 
in five groups (Fig. 3b). These groups consist of the G7 members, 
two ‘greening leaders’27 (China and India), three tropical countries 

(Brazil, Indonesia and Mexico), the remaining G20 countries, and 
non-G20 countries. Generally, between 2001 and 2015, we found 
either increases in forest cover or decreases in net forest loss in all 
groups. However, while obtaining net forest gains, China, India and 
the G7 countries (except for Canada, in which forest cover area is 
decreasing) have increased the deforestation footprints outside their 
borders. As such, China and India have been expanding their foot-
prints rapidly, and, in 2014, the deforestation embodied in imports 
of both countries was more than six times those of 2001. Brazil, 
Indonesia, Mexico and the non-G20 countries (which also include 
many tropical nations) reduced their net forest losses more slowly 
than they have increased their international trade-adjusted forest 
cover changes. This gap is the result of hosting the additional inter-
national trade-adjusted forest cover changes of China, India and 
the G7 countries. The remaining G20 countries obtained both net 
forest gains and positive international trade-adjusted forest cover 
changes from 2006 onwards, but decreased their international 
trade-adjusted forest cover in 2015. See Supplementary Fig. 5 for 
detailed information on each G20 country.

We expand the above analysis of deforestation footprints by 
examining the number of tree loss (Fig. 3c) and deforestation area 
embodied in per capita consumption (Fig. 3d). These figures only 
show the absolute tree/forest losses without compensating for tree/
forest restoration. The tree loss per capita for each country was esti-
mated by combining our global-level deforestation footprint maps 
with a global tree density map39. Residents in the G7 countries 
drive an average loss of 4 trees or 58 m2 of forest per year per capita 
through their consumption in 2015. Although the deforestation 
embodied in Singapore’s imports is concentrated in Southeast Asia, 
the impact of Singapore’s imports was slightly higher than that of 
the average American, who was responsible for five trees being lost 
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Fig. 2 | global deforestation driven by consumption in six example countries. a–f, Maps of cumulative spatial deforestation footprint over 15 years, from 
2001 to 2015, for China (a), Brazil (b), Germany (c), Singapore (d), Japan (e) and USA (f). The pixel value is the percentage of embodied deforestation 
by the target consumer country within the pixel area. All maps resampled for display purposes from the 30-m observation scale to 0.025° pixel size. 
Higher-resolution maps are provided in Supplementary Fig. 6.
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in 2015 (Fig. 3c). The average tree loss per capita in Japan, Germany, 
France and the UK was similar, at around half of that in the USA. 
While Swedish consumption induces an average loss of 22 trees per 
person (mainly because of biomass use, which represents 23% of 

the national energy supply, for the generation of electricity and dis-
trict heat40), that in Norway and Canada was around 16, China and 
India registered values below 1. However, these differences do not 
reflect the responsibility of each country’s citizens regarding global 
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Fig. 3 | comparisons of deforestation footprints between countries/country groups. a,b, Annual changes in deforestation footprints (a) and forest cover 
and international trade-adjusted forest cover (b) during 2001–2015. c,d, Number of embodied tree loss per capita (c) and deforestation footprint area 
per capita (d), in 2015. The forest cover changes were calculated based on FAOSTAT data (http://www.fao.org/faostat/en/#data/RL). The international 
trade-adjusted forest cover change is equivalent to the forest cover change minus the deforestation embodied in imports plus the deforestation embodied in 
exports. Number of trees estimated based on the global tree density map39 (https://elischolar.library.yale.edu/yale_fes_data/1).
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biodiversity threats and climate change because different tree types 
may have different environmental and ecological roles41. For exam-
ple, the environmental impact of three Amazon rainforest trees used 
by a Brazilian might be more severe than the impact of 14 cultivated 
trees lost due to the use of a Norwegian citizen in temperate and 
boreal biomes42–48. Because tree densities are not distributed equally 
among forest biomes or geographically39, the per capita deforesta-
tion footprint ranking differs between the two measurements based 
on the number of tree loss or the deforestation area.

As such, it is crucial to quantify biome-level deforestation foot-
prints in addition to the global-level maps. The biome-level defor-
estation footprint is calculated by combining spatially explicit data 
of the global-level deforestation footprint and a map of biome 
distribution. We classified the deforestation footprints into six 
forest domains, namely Mediterranean (forests growing under 
Mediterranean climate zones that cover not only the Mediterranean 
Basin), mangroves, tropical, temperate, boreal and other for-
est types, based on the spatial ecoregion dataset prepared by The 
Nature Conservancy (http://maps.tnc.org). Here, the tropical biome 
includes forests in the tropics and subtropics, except for mangroves. 
While developed countries and China have become major net 
importers of tropical deforestation-related commodities, develop-
ing countries in the tropics, such as Brazil and Indonesia, are major 
net exporters (Fig. 4). Several countries play both roles, that is, as 
net importers and exporters. The USA is a net exporter of temperate 
deforestation-related goods and a net importer of other goods related 
to deforestation. Russia imports tropical deforestation-related prod-
ucts, but domestically drives boreal deforestation linked to export 

production. Tropical forests are the most threatened by supply 
chains in many countries. Although the USA, Japan, Germany, 
Singapore, China and Russia increased their net forest imports from 
all biomes in 2015, compared with 2001, the imports of tropical 
deforestation-related commodities increased significantly (Fig. 4).  
Being the main net importers, the rate of tropical forests products in 
the nondomestic embodied deforestation of these countries reached 
maximum values of 74% and 77% in 2001 and 2015, respectively. 
Five G7 countries, that is, Japan, Germany, France, the UK, and Italy, 
have 91–99% of their deforestation footprints in foreign countries, 
of which 46–57% was tropical deforestation in 2015. The amount of 
tree loss and deforestation area per biome embodied in per capita 
consumption can be found in Extended Data Fig. 1.

The deforestation footprints are further examined per unit of 
gross domestic product (GDP). The demand for wood, meat and 
oilseed products is pushing the expansion of croplands, pastures 
and forestry in tropical countries18. The relationship between GDP 
per capita and the percentage of tropical forests/mangroves in the 
total embodied deforestation per G20 country is shown in Fig. 5a,b. 
Although tropical rainforest deforestation driven by developed 
countries’ consumption is obvious and most developed countries 
drastically increased their GDPs per capita from 2001 to 2015, these 
nations have not changed their international trade patterns, thus 
their tropical forest dependence has continuously increased, except 
for certain countries, such as Norway and Sweden. The decoupling 
between economic growth and the tropical deforestation foot-
print occurs for the net exporters of tropical deforestation-related 
commodities, such as Brazil and Indonesia. This dissociation may 
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simply indicate that these countries met their demand by increas-
ing imports of foods, goods and services. Further, China and South 
Korea recently reduced their mangrove deforestation footprints, 
while G7 countries maintained the embodied mangrove defores-
tation at levels similar to those of tropical deforestation (Fig. 5b). 
Consequently, while G20 countries are still dependent on tropical 
forests and mangroves, economic growth does not solve the embod-
ied deforestation in the tropics and subtropics.

Discussion
We provide fine-scale spatiotemporally continuous maps of the 
deforestation footprints of nations. These global maps can help bet-
ter understand the deforestation dynamics embodied in interna-
tional supply chains. Understanding global deforestation footprints 
is essential to create better regulatory policies and science-based 
interventions for protecting forests in various hotspots. Using the 
maps, we determine which consumer countries have driven defor-
estation in various ecoregions and producer countries. For many 
developed countries, their commodity consumption, such as beef 
and soybean, induces more deforestation abroad than domesti-
cally. This finding is similar to the biodiversity loss embodied in 
international trade, the majority of which occurs outside the ter-
ritorial boundaries of developed economies49–51. Since deforestation 
is the main biodiversity threat, our maps can help policymakers 
select species hotspots that can be prioritized by a specific coun-
try for reducing the ecological impact of its deforestation footprint. 
By combining the spatial patterns of deforestation with biodiversity 
footprints37,49–53, global policies for reducing the impacts of interna-
tional trade on Nature can be considered in the context of shared 
benefits for both forest and biodiversity conservation.

Our results indicate that, to maintain net forest gains, China, 
India, the G7 countries and other developed countries have mostly 
expanded their nondomestic deforestation footprints in all forest 
biomes, among which tropical forests prevail. This dependence 
tends to be increasing, while the global deforestation rate was 
reported to be decreasing2. It is well known that tropical forests 
stand out as the richest biodiverse ecosystems among forest biomes, 
absorb a vast amount of carbon dioxide and are suppliers of many 
ecosystem services. Some identified deforestation hotspots embod-
ied in international trade are also biodiversity hotspots, such as 
those in Southeast Asia, Madagascar, Liberia, Central America and 
the Amazonian rainforest, which leads to significant conservation 
concerns. Because the biodiversity value of tropical primary for-
ests is irreplaceable46, an urgent task for conservation is to reduce 
tropical deforestation induced by national consumption and inter-
national trade.

Our analysis has some limitations associated with defor-
estation driver classification and input data. First, the drivers 
of global forest loss were originally classified into five types: 
commodity-driven deforestation, shifting agriculture, forestry, 
wildfire and urbanization26. Wildfire was not included in our 
analysis because it was defined as large-scale forest loss result-
ing from burning with no visible human activity afterwards26. 
As we cannot quantify the contribution of shifting agriculture 
in international trade, this driver was merged with long-term 
agriculture, mining and energy infrastructure and included in 
commodity-driven deforestation. Accordingly, we linked forest 
loss to the global supply chain through three drivers (forestry, 
urbanization, and agricultural and other commodities), which 
may overestimate deforestation for the agriculture sector.
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Second, deforestation drivers, which are complex and can change 
rapidly, are difficult to identify accurately in detail. As such, the driver 
classification we used is novel but has a coarse resolution of 10 km × 
10 km grid cell. The incompatibility between the resolution of the two 
data layers, that is forest loss (at the 30-m observation scale) and defor-
estation drivers, could lead to an overestimation of factors such as 
urbanization-related deforestation or to the miscalculation of embod-
ied deforestation around the boundary of the two driver classes.

Third, it is essential to highlight that we do not localize the mag-
nitude of embodied deforestation for each deforestation driver at 
the subnational level; for example, using the current dataset, our 
analysis cannot distinguish where agricultural production contrib-
utes to exports because of the different proportions of a commod-
ity exported from various production areas54 within one country. 
Therefore, a map pixel has a mean value of deforestation driven by 
a consumer country over the entire producer country per driver. 
For the biome-level deforestation footprints, deforestation driven 
by a consumer country can be concentrated at one biome more than 
other biome(s) within a producer country.

Despite these limitations, our study depicts the global spatial 
deforestation footprint. Understanding the deforestation embod-
ied in global supply chains can help to create better regulatory 
policies and science-based interventions for protecting the for-
ests in numerous hotspots. Public awareness of combating tropi-
cal deforestation has been increasing, along with the creation of 
many zero-deforestation pledges in three main governance areas: 
domestic public policy, Reducing Emissions from Deforestation and 
Forest Degradation (REDD + ) and sustainable supply chain initia-
tives55. However, the funding available to secure these agreements 
and Forest Stewardship Council (FSC)-certified forests remain 
limited15. Many of these commitments are based on future imple-
mentation deadlines for zero-net deforestation targets56, which 
may motivate native forest clearing before future reforestation 
compensation. It is observed that the effectiveness of FSC certifi-
cations for halting deforestation remains uncertain57. The current 
zero-deforestation initiatives are only partly effective due to the 
wide range of global deforestation and diversely traded commodi-
ties. While one target of the New York Declaration on Forests is 
eliminating deforestation from agricultural supply chains, current 
actions are slow, and its implementation does not fully cover supply 
chains, sectors and geographical scope58. Further, the limitations in 
supply chain traceability and transparency create opportunities for 
laundering and leakage, which are in turn subject to deforestation 
by indirect suppliers, for other products, or in unadopted areas59–61. 
Public ownership and illegal activities or poor forest governance are 
weakly associated with private policy adoption62. The responsibility 
of reducing deforestation may thus have to be shared between the 
public and private sectors and between producers and consumers, 
while embodied deforestation continues to increase because of the 
increasing global demand for deforestation-related commodities.

Forest protection in the tropics, mainly including poor and devel-
oping countries, requires long-term and comprehensive solutions, 
along with significant funding14,63. Payments for environmental ser-
vices (PES) have successfully reduced deforestation rates, generated 
positive poverty alleviation and increased community social capital 
in several cases64–67. However, a shift of the supply chains out of the 
tropics may negatively affect local livelihoods without an adequate 
amount of PES. Conversely, developed countries have strong finan-
cial and legal foundations to reduce their deforestation footprints. 
Indeed, over 80% of the certified forest areas under the Programme 
for the Endorsement of Forest Certification, the world’s leading 
forest certification system, are in Europe and North America68. 
Owing to their inherent advantages, developed countries can limit 
domestic deforestation within certified areas or conduct sustainable 
forest restoration, and improve supply chain governance to avoid 
tropical deforestation. Substantially expanding sustainable supply  

chains also have an important role in the context of increasing 
South–South trade relationships69. Additionally, the effectiveness of 
zero-deforestation commitments is strongly dependent on govern-
ments’ willingness to take action70 and on harmonious public–pri-
vate partnerships. We suggest that zero-deforestation policies could 
be reformed to improve transparent monitoring of the supply chain 
and promote effective public governance as a platform for the devel-
opment of private initiatives in the long term.

Methods
Data. We combined three map datasets, namely annual forest loss32, dominant 
deforestation drivers26 and country boundaries71, with the Eora global multi-region 
input–output (MRIO) database33,34 to trace deforestation footprints (Fig. 1). The 
Eora MRIO database includes domestic and international monetary transactions 
between 15,000 industry sectors across 190 countries. We used recent data for 
deforestation drivers that Curtis et al. (2018) classified using high-resolution 
Google Earth images and a decision tree with nearly 5,000 training sample cells26. 
This spatially explicit dataset (10 km × 10 km grid cell) records land transition over 
2001–2015, with information on five dominant driver categories.

State-of-the-art forest loss data were generated from the machine 
learning-based time-series analysis of Landsat images (approximately 30 m per 
pixel at the Equator) by Hansen et al.32 For global coverage, or the equivalent of 
143 billion pixels, the data have been updated yearly from 2000 onward. To achieve 
consistency of temporal coverage with the deforestation drivers, we only used the 
forest loss data until 2015. A pixel was encoded as either 0 (no loss) or a value in 
the range of 1–15, representing absolute loss detected primarily in each year of the 
period 2001–2015, respectively. While Hansen’s data can capture selective logging 
in tropical rainforests because of their high resolution, they do not distinguish 
tropical forests from plantations (that is, oil palm, rubber or Eucalyptus)36. We 
identify plantations from the forest loss data by using deep neural networks for 
the pixel-based supervised classification of Landsat images (see Supplementary 
Appendix 1 for details). Because of the limited spectral bands of Landsat imagery 
and the lack of hyperspectral imagery, it is difficult to distinguish all plantation tree 
species based on Hansen’s data at a global level. Accordingly, we select oil palm and 
rubber for the classification by collecting training pixels (ground-truth data) in 
main producer countries in 2000 based on high-resolution Google Earth images, 
Google Street View and confirmations from local people.

We selected a detailed country boundary dataset prepared by the 
Environmental Systems Research Institute71 that represents the boundaries for 
all countries as of December 2018. Forest cover changes were calculated based 
on FAOSTAT data (http://www.fao.org/faostat/en/#data/RL). The international 
trade-adjusted forest cover change is expressed as the forest cover change minus 
the deforestation embodied in imports plus the deforestation embodied in exports. 
We also disaggregated the deforestation footprints into six forest domains, namely 
Mediterranean (forests growing under Mediterranean climate zones that cover not 
only the Mediterranean Basin), mangroves, tropical, temperate, boreal and other 
forest types, based on the spatial ecoregion dataset from The Nature Conservancy 
(http://maps.tnc.org).

In this study, we estimated the tree loss driven by the global supply chain (Fig. 3b)  
by linking our deforestation footprint to the global tree density map39 (https://
elischolar.library.yale.edu/yale_fes_data/1). Crowther et al.39 used satellite imagery 
and 429,775 ground-sourced measurements to build this tree density map, which 
counted trees with woody stems larger than 10 cm diameter at breast height39. The 
highest tree densities were identified in forested regions in the boreal and tundra 
zones. Because trees in the forest loss data were defined as ‘all vegetation taller than 
5 m in height’,72 the matching between the two datasets must be satisfied.

Mapping deforestation footprints. The scheme for mapping the 15-year 
deforestation footprint shown in Fig. 1 is detailed in Supplementary Fig. 4. Four 
main steps were taken to map the global deforestation footprint. First, the country 
boundary was rasterized, then both the boundary and deforestation driver data 
were resampled to the spatial resolution of the forest loss data. We resized the 
deforestation driver layer from a 10 km × 10 km grid cell size to the Landsat pixel 
scale (30 m × 30 m) by using the nearest-neighbour resampling method. The 
detailed world boundaries layer was converted from a vector to a raster layer using 
the same Landsat image resolution. Second, the three spatial data layers were 
integrated and encoded into one raster layer of deforestation per driver and at 
country level by a raster calculation. Before the integration, oil palm and rubber 
were distinguished from tropical forests by using the plantation mask generated in 
Supplementary Appendix 1. Third, we decompose total deforestation F(p)s into the 
embodied deforestation in country s using the Eora MRIO model73:
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where f is the deforestation intensity (km2 forest loss area from Hansen’s data 
divided by gross output), L the Leontief inverse, y is the final demand, i and j are 
the sector of origin and destination and r and s are the exporting and importing 
country, respectively. t is the country of the last sale in the consumption and import 
terms, and t is the country of final consumption in the export term. The MRIO 
sectors were then aggregated into three groups of deforestation drivers: forestry, 
urbanization, and agricultural and other commodities. For instance, we grouped 
all timber harvesting sectors and related services into the forestry driver. Because 
different countries may have different sector classifications, we manually assigned 
the corresponding driver for each country. If the forest loss area needed to be 
allocated into two or more sectors in the MRIO, we used the gross output of Eora 
MRIO for the disaggregation.

Finally, we calculated the deforestation footprint map H (whose spatial 
resolution is ~30 m at the Equator) driven by country s following the spatial 
footprint analysis method37,74–77:
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i f
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jt L
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ij ytsj
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i drhi
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where the embodied deforestation (fLy) and deforestation maps (R) terms are in 
absolute values and the embodied deforestation term fLy is normalized by the total 
deforestation d so that the result is in absolute value. We prepare the deforestation 
maps R for each driver h and deforestation intensity f for each industry i by 
combining with the raster layer resulting from the second step.

As we cannot quantify the contribution of shifting agriculture to international 
trade, this driver was merged with long-term agriculture, mining and energy 
infrastructure and included in commodity-driven deforestation. In theory, shifting 
agriculture may be majorly for subsistence and the local market. However, in the 
map developed by Curtis et al.26, shifting agriculture is practically the sole driver 
of deforestation covering a widely territorial area of many countries in Africa and 
Central and South America. Shifting agriculture is also a dominant driver in the 
Caatinga biome (northeastern Brazil), which is the home of several productive 
commodities (oil crops, tropical fruits and livestock) not only consumed by locals. 
If shifting agriculture is ignored, the deforestation embodied in international trade 
will likely be much smaller than the real situation for these countries. For example, 
deforestation induced by the production of cash crops (>50% for export), such 
as cocoa and coffee, will almost not be considered in West Africa and Central 
America. Additionally, there may be a mixture of large-scale or long-term farming 
practices in the map class of shifting agriculture because of the coarse resolution of 
the deforestation driver data (10 km × 10 km).

In our analysis, the deforestation footprint also includes forest losses in 
managed forest land, where there is tree regrowth in subsequent years. This type 
of deforestation is not included in the viewpoint of the FAO’s Forest Resource 
Assessment, in which forest harvesting or clearcutting does not constitute 
deforestation in cases ‘where the forest is expected to regenerate naturally or with 
the aid of silvicultural measures within the long-term’78. Nevertheless, the FAO 
definition is inappropriate for assessing and monitoring forest degradation79. 
A recent increase in the harvested forest area over Europe, which may not be 
counted by the FAO definition, poses challenges for achieving climate neutrality 
by 205080. This abrupt change could negatively impact biodiversity, soil erosion 
and water regulation. Additionally, we cannot measure the magnitude of forest 
degradation embodied in trade, nor separate forest degradation from deforestation 
footprints. In the future, a classification of forest loss into cultivated and natural 
forests could further clarify the ecological impacts of deforestation embodied in 
international trade. Distinguishing between old-growth and second-growth forests 
in deforestation footprints is also crucial within the context of this analysis.

Our MRIO analysis cannot distinguish between company- or subnational-level 
sustainable and unsustainable supply chains because the model only considers 
country- and sector-level supply chains. While the sector resolution of the MRIO is 
high, the resolution of deforestation drivers is coarse. In reality, the different sectors/
commodities classified into the same driver may induce deforestation in various areas 
in one country and with varying impact levels. Additionally, building infrastructure, 
such as roads, ports and shipping channels, to support transport and shipping may 
promote deforestation. Some such infrastructure expansions were included in our 
analysis through the urbanization driver. However, because the spatial resolution 
of the deforestation driver data (10 km× 10 km) was not high enough, it could not 
capture infrastructure construction outside urban areas. By paying more attention to 
classifying the drivers of global deforestation and developing subnational-level input–
output tables54,81, more detailed maps of deforestation footprints could be created. As 
a future challenge, detailed classification of spatial deforestation drivers could further 
clarify the product-level deforestation footprints82.

We constructed a table of commodity-induced deforestation rankings for 
every production country (Supplementary Data 1 and 2). The table was built 
by integrating MapSPAM raster maps83 (https://www.mapspam.info), the 
deforestation driver map and Hansen’s forest loss data. Since annual MapSPAM 
data are not available, we only rank commodity-induced deforestation for 
the entire period 2006–2010. The table does not show the causal relationship 
between the production of commodities and deforestation but captures potential 
deforestation that is associated with agricultural products.

Reporting summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The results, calculated as described in the Methods, are based on the data from 
the Global Forest Watch (https://www.globalforestwatch.org), FAOSTAT (http://
www.fao.org/faostat/en/#data/RL), EliScholar (https://elischolar.library.yale.
edu/yale_fes_data/1/) and Eora MRIO (https://worldmrio.com) databases, all of 
which are publicly available. The plantation mask data are available at https://doi.
org/10.6084/m9.figshare.12661145.v2. Maps for each G20 country are provided in 
Supplementary Fig. 6. The raster files (GeoTIFF) of these maps are available from 
the corresponding author upon request.

code availability
Programming code used for analysis is available from the corresponding author on 
request.
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Extended Data Fig. 1 | Biome-level deforestation footprint per capita in 2015. (a) the number of embodied tree loss per capita and (b) the deforestation 
footprint area per capita.
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