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Global patterns of commodity-driven 
deforestation and associated carbon 
emissions
 

Chandrakant Singh       & U. Martin Persson     

Rapid agriculture-driven deforestation poses considerable challenges to 
achieving climate and biodiversity targets. However, the limited scope 
and comprehensiveness of the datasets available for linking deforestation 
to food production restrict their effectiveness in supporting forest 
conservation and climate change mitigation efforts. By integrating the 
best available spatial and statistical datasets, our deforestation attribution 
framework (DeDuCE) provides a detailed quantification of deforestation 
associated with the production of agricultural and forestry commodities. 
DeDuCE reports 9,332 unique country–commodity deforestation–carbon 
footprints across 179 countries and 184 commodities annually from 2001 to 
2022. Our findings indicate that while global efforts to curb deforestation 
appropriately focus on cattle meat, oil palm, rubber, soya, cocoa and coffee, 
global monitoring efforts have largely overlooked staple crops such as rice, 
maize and cassava. Given their substantial contribution to deforestation 
and carbon emissions, balancing food security with forest and climate 
conservation will require greater attention to these crops.

Forests are essential to livelihoods globally, providing us with food, shel-
ter and a habitable climate. They also supply raw materials for everyday 
necessities such as paper, medicine, detergents and cosmetics. However, 
the rising food demand of an ever-growing global population has led to 
extensive deforestation, with over 90% of global deforestation linked to 
agriculture1,2. A recent Food and Agriculture Organization (FAO) report1 
suggests that over the past three decades, the world has lost an area of 
forest more than the size of India3,4. When natural forests are cleared for 
agricultural production, they are replaced by land systems that often 
lack the biodiversity and carbon storage capacity of the natural forests. 
Presently, deforestation is estimated to be the largest driver of biodiver-
sity loss on land5, contributing nearly one-tenth of total anthropogenic 
greenhouse gas (GHG) emissions6,7, while agricultural deforestation and 
other land-use change activities accounting for one-third of total food 
system emissions8. These impacts from global food production raise 
alarming concerns about future food security, and about the suitability 
and sustainability of our living environments9–11.

Recognizing these impacts, governments, companies and civil 
societies have pushed for forest conservation and climate change 
mitigation initiatives such as the Reducing Emissions from Defor-
estation and Forest Degradation12 (REDD+), the New York Declara-
tion on Forests13 and corporate Zero Deforestation Commitments14. 
These initiatives aim to engage public and private sectors in com-
bating deforestation, incentivizing conservation and promoting 
deforestation-free supply chains. Notably, the recently adopted Euro-
pean Union Deforestation Regulation (EUDR)15 mandates companies 
to conduct due-diligence reporting to ensure the European Union’s 
supply chains are deforestation-free.

A key to the successful implementation and evaluation of these 
policy initiatives is the ability to comprehensively monitor agricultural 
deforestation and its climate impact2. However, while spatial datasets 
linking food production to deforestation exist for some commodities, 
they are often geographically limited and do not provide a comprehen-
sive view of global food system impacts16–18. Conversely, national and 
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growing food demand greatly influences regional and remote land-
scapes due to different environmental, technological, regulatory and 
socioeconomic factors37–40.

Presently, there is a lack of clear and explicit guidelines regarding 
data and methods for deforestation–emission accounting41,42, leading 
to inconsistent outcomes across its use cases (Supplementary Note 3).  
Although such discrepancies are understandable given our limited 
capacity to model the complex and dynamic nature of global food 
systems, the DeDuCE model addresses these challenges by provid-
ing a versatile and globally homogeneous framework for attributing 
deforestation and carbon emissions to commodities.

While combining extensive spatial and statistical data within a 
globally consistent modelling framework is a strength of the DeDuCE 
model, it also presents a limitation: differences in the scale, scope (for 
example, dLUC and sLUC), and quality of input data across space and 
time mean that users must be cautious when comparing results from 
different regions and commodities. To communicate this clearly, we 
provide an Integrated Quality Index (IQI) for each data point, which con-
siders both quantitative and qualitative assessments of the spatial and 
statistical input data to provide an indication of confidence—although 
not a direct measure of accuracy—in the resulting deforestation esti-
mates. This enhances the model’s utility as a tool for supporting global 
sustainability and conservation efforts by highlighting the variation in 
the robustness of model results across regions, countries, and com-
modities (Supplementary Notes 4 and 5 and Supplementary Table 3). 
It also aids in identifying countries and commodities where better 
data are needed to improve estimates of commodity-driven defor-
estation (see Results subsection ‘Quality assessment and potential for 
model improvement’).

Furthermore, the model’s versatility allows for the inclusion of 
diverse datasets (Supplementary Table 2) and is designed to integrate 
emerging datasets, ensuring its relevance and adaptability over time. 
This makes it possible to adjust parameters such as tree cover density 
for forest classification, lag periods between forest clearing and agri-
cultural land establishment, control over attribution methodology, 
and amortization periods, as per the required use case.

Results
Global overview of deforestation and carbon emissions
The DeDuCE model suggests that of the 471 Mha of global tree cover loss 
observed between 2001 and 2022, only 26% (5.5 ± 0.8 Mha yr−1) is driven 
by expansion of croplands, pastures and forest plantations for com-
modity production (Fig. 1a). This estimate is considerably smaller than 
the FAO’s reported deforestation estimate of 8–10 Mha yr−1, even with 
the consideration that only 90% of the FAO’s reported deforestation is 
attributed to agriculture1 (though the discrepancy is notably smaller 
in more recent years; Fig. 2a). In comparison, Curtis et al.24,43 estimate 
that 44–76% of global tree cover loss is attributed to agriculture and 
forestry activities. This discrepancy occurs because Curtis et al.24 over-
look spatiotemporal heterogeneity—by attributing only the dominant 
forest-loss driver over the whole timeframe—and finer land-use change 
dynamics (for example, rotational clearing) (Fig. 1). Furthermore, the 
share of commodity-driven deforestation from DeDuCE exhibits stark 
contrasts between tropical and non-tropical regions: 42% of the tree 
cover loss in tropical countries is attributed to production associ-
ated with agriculture and forest plantations, compared to just 9% in 
non-tropical countries (Fig. 1b,c).

Compared to previous assessments2, DeDuCE presents a lower 
overall estimate of deforestation due to agriculture and forestry activi-
ties, yet it shows marginally higher figures for deforestation leading 
to production (Fig. 1b). Notably, Pendrill et al.2 estimated that as much 
as a third to half of agriculture-driven deforestation did not result 
in any identifiable agricultural production. In contrast, our analysis 
puts this number much lower, at just over a fifth (25 Mha from a total 
of 130 Mha agricultural-driven deforestation; Fig. 1b). This improved 

subnational agricultural statistics offer extensive coverage of commod-
ity production but lack the spatial precision required for linking food 
systems to deforestation19 (Supplementary Note 1). As a result, existing 
global or regional deforestation attribution data are primarily built on 
bookkeeping models8,19,20, with limited integration of remote sensing 
datasets18,21,22. This limited use of remotely sensed data can primarily 
be attributed to computational challenges in handling and processing 
large data volumes23. Consequently, datasets that do integrate remote 
sensing often lack ongoing updates or refinements postpublication 
and tend to aggregate data over lengthy periods18,21,22,24, diminishing 
their relevance over time.

With the growing trend among organizations to adopt more 
advanced and innovative approaches to forest resource and risk 
assessments25,26, shifting the paradigm from traditional statistical 
methods requires the integration of remote-sensing datasets and the 
utilization of powerful cloud-computing resources27. Such integration 
is imperative for stakeholders to adapt to the rapidly evolving food 
systems landscape and make informed decisions that balance growing 
food demand with forest conservation. To assist with this, we introduce 
the Deforestation Driver and Carbon Emissions (DeDuCE) model, which 
leverages the computational power of Google Earth Engine (GEE) to 
meld the spatiotemporal precision of the best available remote sensing 
data and the comprehensiveness of agricultural statistics. The model 
tracks deforestation and associated carbon emissions, and links them 
with the production of agriculture and forestry commodities globally.

State-of-the-art of the model
The DeDuCE model provides annual estimates of deforestation and 
associated carbon emissions due to the production of agricultural 
and forestry commodities. In this study, the term ‘commodity’ is 
used broadly to encompass all agricultural and forestry products, 
irrespective of whether it is intended for market trade or subsistence 
use. Covering 179 countries and 184 commodities between 2001 and 
2022, the model delivers 9,332 unique deforestation–carbon foot-
print estimations (Supplementary Table 1). The model achieves this 
comprehensive deforestation attribution by overlaying global spa-
tiotemporal data of tree cover loss28 with best available datasets on 
crops, land uses, dominant deforestation drivers24 and state of forest 
management (Extended Data Fig. 1 and Supplementary Table 2). Each 
tree-cover-loss pixel is linked to the most detailed information avail-
able about the direct land-use change (dLUC)29,30 (that is, a specific 
commodity or land use).

In cases where deforestation cannot be spatially attributed to a 
specific commodity, the model uses agricultural statistics (at national 
and subnational levels3,31) to identify likely or potential drivers of defor-
estation. This reflects statistical land-use change (sLUC), a measure of 
deforestation risk, and is implemented through a two-step statistical 
land-balance approach19 (Supplementary Fig. 1). Through this, the 
model accounts for key land-use change dynamics, such as competi-
tion between cropland, pasture and other land uses, and includes 
cropland and pasture abandonment. These factors are crucial for 
attributing deforestation to agricultural commodity production, but 
are poorly captured in existing life-cycle inventory databases32. Addi-
tionally, carbon emissions associated with deforestation are estimated 
by overlaying identified deforestation drivers with data on forest33 and 
soil34 carbon stocks, including emissions from peatland35 drainage 
(Extended Data Fig. 1).

By combining GEE’s computational capabilities to process 
terabytes of high-resolution spatiotemporal data with Python’s 
open-source programming for deforestation–emission accounting, 
our model aligns with FAIR data principles36, striving to promote acces-
sibility, integrity and transparency. This integration also ensures rep-
licability of model results, while fostering community engagement, 
inviting researchers and stakeholders to contribute and refine the 
model (Supplementary Note 2). Such engagements are crucial because 

http://www.nature.com/natfood


Nature Food | Volume 7 | February 2026 | 138–151 140

Article https://doi.org/10.1038/s43016-026-01305-4

understanding about the role of commodity production in driving 
deforestation is due to our use of high-resolution agricultural land-use 
maps, reducing reliance on coarse dominant forest-loss driver data 
and poor-quality agricultural statistics. Additionally, our integration 
of forest fire data44 and the sequential attribution framework of the 
DeDuCE model (that is, attributing forest-loss pixels to agricultural land 
use before attributing forest loss to fire; Methods) enables us to dis-
tinguish wildfires, often propagating in grass-dominated natural and 
seminatural landscapes45, from fires used to clear land for agricultural 
expansion. The remaining discrepancies between agriculture-driven 
deforestation and productive use of the cleared land in the tropics—
which still are substantial—probably reflect challenges in land tenure 
clarity and disputes2. For instance, speculative clearing anticipating 
future agricultural returns, planned infrastructural developments, 
uncertain future forest conservation legislations and availability of 
large expanses of undesignated public lands may fail to evolve into 
productive agricultural or forestry ventures46,47.

We estimate nearly 41.2 GtCO2 emissions from commodity-driven 
deforestation globally from 2001 to 2022 (1.9 ± 0.3 GtCO2 yr−1). Addi-
tionally, emissions from peatland drainage on land deforested since 
2001 contribute to approximately 2.9 GtCO2 (0.13 ± 0.08 GtCO2 yr−1; 
Figs. 2b and 3), accounting for about 7% of global annual peatland 
drainage emissions48. Our carbon emission estimates are substan-
tially lower than previously reported (Fig. 2b), except for those 
of Pendrill et al.49, who only cover the tropics. Crippa et al.8, using 
FAOSTAT data31, estimate agricultural land-use emissions (including 
those from deforestation) at 4.3 ± 0.3 GtCO2 yr−1, which is twice our 
estimate (excluding deforestation emissions from forestry activities 
from Fig. 2b). Because forests hold the majority of carbon stocks, 
agricultural land-use changes other than deforestation are unlikely to 
account for the remaining land-use change emissions. The probable 
reason for this discrepancy is that Crippa et al.’s8 estimates do not 

utilize spatial information on deforestation, agricultural land use or 
carbon stocks, but simply assume that 80% of all deforestation is due 
to agricultural land-use change. This underscores the value of utilizing 
remote-sensing-based data to assess agriculture-driven deforestation 
and associated carbon emissions.

Our analysis also reveals an uneven distribution of both deforesta-
tion and the resulting carbon emissions across regions and commodi-
ties (Fig. 3): between 2001 and 2022, South America leads in both, with 
Southeast Asia and Africa also showing major contributions. Together, 
these three regions account for roughly 82% of global deforestation 
and 94% of carbon emissions due to expanding agriculture and forest 
plantations. Additionally, during this period, deforestation in South-
east Asia alone is responsible for nearly 84% of global peatland drainage 
emissions (Fig. 3a). Nevertheless, two countries outside the trop-
ics—China and the United States—closely trail the top three countries 
globally—Brazil, Indonesia and the Democratic Republic of Congo 
(DR Congo)—in terms of deforestation area, although not in carbon 
emissions (Fig. 3a). We suspect that the low deforestation estimates 
associated with forest plantations in boreal regions (Fig. 4) may be due 
to datasets inadequately capturing the conversion of natural forests 
and the absence of a primary forest mask50, probably leading to their 
underestimation in our estimates.

In terms of specific commodity groups, over the period 2001–
2022, deforestation driven by pasture expansion (primarily for cat-
tle meat production) represents about 42% of total deforestation 
and 52% of the carbon emissions (Figs. 3b and 4). This is followed by 
the cultivation of oilseeds and oleaginous fruits, especially oil palm 
and soybeans, which account for 16% of total deforestation and 14% 
of carbon emissions. Notably, oil-palm-induced deforestation, pri-
marily in Southeast Asia, alone accounts for nearly 55% of peatland 
emissions (Figs. 3b and 4). Other major contributors to deforestation 
include forest plantations (14%), stimulant and aromatic crops (3%, 
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Fig. 1 | Deforestation linked to agriculture and forestry from global tree cover 
loss estimates (2001–2022). a, Bar plot illustrating deforestation driven by 
agriculture and forestry activities derived from global tree cover loss estimates 
(refers to loss of tree canopy within a 30-m-pixel globally between 2001 and 
202228; tree cover density ≥25%). The difference between tree cover loss and 
deforestation (that is, loss of natural forests associated with deliberate clearing 
of forest for commodity production) is broadly referred to as forest degradation 
and rotational clearing. This includes tree cover loss on managed or degraded 
lands established before the year 2000 (for example, rotational clearing in 
managed forests and plantations or loss of sparse growth on degraded land 
systems), but excludes the conversion of natural forests into forest plantations, 
which is counted as deforestation. Within this, loss of natural forests due to 
fires, post-year 2000, that are not followed by the establishment of commodity-

driven land use is indicated with hatch patterns. Additionally, the scope of 
deforestation driven by agriculture and forestry activities extends to include the 
instances where it can be directly linked to the production of these commodities, 
and where it occurs independently of such production. The latter scenario is 
examined by evaluating the extent of this deforestation that cannot be linked 
to any specific commodity in the DeDuCE’s modelling framework (Extended 
Data Fig. 1). However, in this calculation, deforestation linked to pasture does 
not account for variations in cattle stocking rates or pasture productivity, 
which could indicate clearing for speculation (rather than production). 
Possible mechanisms where deforestation does not lead to the production of 
commodities are discussed in ref. 2. b,c, To offer a comparative insight into 
deforestation dynamics across different biomes, we have also separated our 
analysis for tropical (b) and non-tropical (c) countries.
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largely driven by cocoa beans and coffee cultivation) and fibre crops  
(2%, mostly rubber) (Fig. 3b).

Although these commodities are included in the EUDR15 due to 
their high deforestation and trade shares, our analysis also reveals 
that staple crops—specifically maize, rice and cassava—cumulatively 
account for about 11% of total deforestation (Fig. 3b), exceeding that of 
cocoa, coffee and rubber. Unlike other commodities, whose production 
and deforestation are concentrated in specific regions (for example, oil 
palm in Southeast Asia, soybeans in South America), the deforestation 
associated with staple crops is globally distributed (Fig. 4). Moreover, 
given that nearly half of the global average human diet consists of staple 
commodities51, and their cultivation is expected to increase to feed the 
growing population52, incorporating staple crops into deforestation 
monitoring and regulatory frameworks will be vital for curbing global 
deforestation, promoting sustainable agricultural supply chains and 
ensuring future food security.

When comparing our estimates for major deforestation-risk agri-
cultural commodities with other datasets (Supplementary Note 5, 
Supplementary Table 3 and Supplementary Fig. 3), we find that while 
trends for certain commodities, such as cocoa beans in Côte d’Ivoire 
and Ghana, oil palm in Indonesia, and pasture in Brazil, are consistent 
across different datasets, considerable differences arise for other 
major forest-risk commodities. Although these discrepancies are less 
pronounced at the global or pantropical level, they become quite stark 
at the individual country–commodity level (Supplementary Table 3 and 
Supplementary Fig. 3). However, compared to the only previously exist-
ing pantropical, commodity-specific deforestation driver dataset2, 
the DeDuCE estimates align much more closely with high-resolution 
remote-sensing studies. Where larger discrepancies exist, they are 
primarily due to differences in the underlying forest, deforestation 
and commodity datasets (Supplementary Note 5).

Quality assessment and potential for model improvement
The IQI, based on the spatiotemporal granularity, explicitness and the 
accuracy of the spatial and statistical datasets used as inputs in the 
DeDuCE model, indicates the reliability of the resulting direct defor-
estation estimates (‘Quality assessment’). Only 12–15% of attributed 
deforestation in DeDuCE is derived from spatial commodity-specific 
datasets, representing dLUC (IQI ≥ 0.6; Fig. 5a). In contrast, 30–35% of 
the attribution uses broad spatial land-use information (for example, 
the extent of pastures), mainly attributing deforestation to cattle meat 
and forest plantations (dLUC; 0.6 > IQI ≥ 0.55). The remaining 50–58% 
blends spatial and statistical datasets, where the resulting estimates 

should be interpreted as a measure of deforestation risk for a given 
commodity (sLUC; IQI < 0.55) (Fig. 5a). In this case, deforestation esti-
mates derived from officially reported agricultural statistics (including 
subnational statistics) receive a higher score, whereas those imputed 
or estimated by FAOSTAT are assigned a lower score, as illustrated by 
the progression of FAO quality flags in Fig. 5a.

Despite using the best available datasets, pixel- or municipality- 
level deforestation attribution is limited to certain commodities and 
countries (Supplementary Table 2). Thus, we should target areas where 
enhancements will considerably boost the quality of deforestation 
estimates. Examining the IQI of the top-50 deforestation-risk country–
commodity pairs (accounting for 70% of global deforestation; Fig. 5b), 
we find that forest plantations (in China, the United States and India) 
and pastures (outside South America) often receive lower IQI scores. 
This is probably due to the challenge of mapping pastures and forest 
plantations because their spectral signatures are similar to natural 
grasslands and forests. Additionally, staple commodities are not well 
represented in terms of data quality, even though several countries 
have substantial deforestation associated with these commodities 
(Fig. 5b). Furthermore, due to poor-quality spatial data and agricultural 
statistics, African countries show consistently lower-quality deforesta-
tion estimates, which include commodities such as cassava, maize, rice, 
beans and cocoa (Fig. 5b).

Consequently, global deforestation attribution could be greatly 
improved by incorporating global maps of (1) pastures, (2) forest 
plantations and (3) cereals (primarily for maize and rice), and by 
(4) improving spatial representation of agricultural commodities 
contributing to deforestation in Africa (particularly in DR Congo 
and Nigeria). Existing initiatives such as Global Pasture Watch53, the 
Spatial Database of Planted Trees54 (SDPT), the WorldCereal data-
base55 and the Global Subnational Agricultural Production56 (GSAP) 
database could provide critical data to help close these gaps in the  
near future.

Influence of modelling assumptions on deforestation and 
carbon emission estimates
To assess the robustness of the DeDuCE model, we examined the sensi-
tivity of deforestation and carbon emission estimates to various model-
ling assumptions (Table 1). The most notable changes were observed 
when we ran the model solely or primarily as a statistical deforestation 
attribution model, using the global forest change28 (GFC) data only 
(similar to ref. 49) or together with data on dominant forest-loss driv-
ers24 (similar to refs. 21,22). In these cases, deforestation and carbon 
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Fig. 2 | Comparison of different commodity-driven deforestation and  
carbon emission estimates. a,b, A comparison between our deforestation 
estimates (a) and associated carbon emission estimates (b) with those from 
established literature sources. The comparison includes estimates from  
Pendrill et al.49 (covering only tropical counties), Goldman et al.18 (covering  
only EUDR commodities), Hoang and Kanemoto21, Crippa et al.8 (including all 
food-production-driven land-use change activities), Feng et al.22 (accounting 

for tree cover loss due to agriculture and forestry activities across the tropics), 
Hansen et al.28 (tree cover ≥25%), Global Forest Watch90 (tree cover ≥25%; 
including only tree cover loss due to commodity-driven deforestation, shifting 
agriculture and forestry from Curtis et al.24), and the FAO’s global forest resource 
assessment report (FAO-FRA; loss of naturally regenerating forest)3. A brief 
summary of the studies and datasets used for this comparison can be found in 
Supplementary Table 4.
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emission estimates were inflated by 40–85% compared with our current 
estimates (Table 1), explaining the discrepancy with Crippa et al.8. This 
inflation occurs because these attribution methodologies use datasets 
that overlook spatiotemporal heterogeneities or equate all tree cover 
loss with deforestation.

Another notable source of uncertainty concerns forest and defor-
estation definitions: changing tree-cover thresholds or baseline forest 
maps changed deforestation estimates by as much as −30% to +7% 
(Table 1). Notably, using the EU Joint Research Centre’s ( JRC’s) recent 
forest cover map57 resulted in a 12% reduction in deforestation esti-
mates. Although this map closely aligns with the FAO’s forest definition3 
and excludes agriculture and forest plantations—despite its flaws58—its 
2020 base year makes it unsuitable for our 2001–2022 deforestation 
attribution. Using JRC’s tropical moist forest (TMF) deforestation 
data59,60 led to a reduction in estimated deforestation by nearly 30% in 
the countries it covers. The core reason lies in methodological differ-
ences: GFC detects the first tree-cover loss event annually, whereas JRC 
TMF only identifies deforestation when disturbances in a tree-cover 
pixel persist for more than 2.5 years (ref. 61). Additionally, JRC TMF 
deforestation does not account for the loss of dry forests, making its 
deforestation estimates more conservative.

Another important parameter influencing model estimates is 
the period between forest-loss detection and agricultural land estab-
lishment used for attributing deforestation. We find that a longer lag 
period captures more delayed land-use changes (often in the case of 
tree crops and forest plantations), while a shorter lag period does 

the opposite (Table 1). Interestingly, another major source of model 
uncertainty that is difficult to account for globally is multiple crop-
ping (that is, multiple harvesting cycles on the same land). Analysing 
results for Brazil, we found that not accounting for multicropping 
increased deforestation estimates by about 20–50% for commodities 
with larger harvested areas (for example, maize, beans; potentially due 
to proportional commodity attribution in Supplementary Informa-
tion, equations (9)–(12)) while reducing estimates for those with lower 
harvested areas (for example, groundnuts) (Table 1). Despite 12–20% 
of global croplands being multicropped62, assessing their dynamics 
on a global scale remains challenging due to the lack of appropri-
ate data that capture the multiple harvest cycles of globally diverse 
crop combinations.

Although the sensitivity of carbon emissions closely follows 
the sensitivity of deforestation estimates, this is not the case for 
peatland drainage emissions linked to deforestation. Also, it is 
important to recognize that while emissions from forest biomass 
and soil organic carbon (SOC) are treated as inevitable due to our 
relatively better understanding of their carbon stocks (‘Carbon 
emissions calculation’), estimating the lifetime of peatland drain-
age emissions is challenging because these emissions can persist 
for several decades after deforestation. Sensitivity analysis reveals 
that a shorter accumulation period (5–10 years) can underesti-
mate peatland drainage emissions by about 25–60% (Table 1 and 
Supplementary Fig. 6). Thus, treating peatland drainage emissions 
in the same manner as other committed deforestation emissions, 
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Fig. 3 | Global overview of commodity-driven deforestation and carbon 
emissions from DeDuCE (2001–2022). a,b, Deforestation is attributed to 
agriculture and forestry commodities, and the corresponding carbon emissions 
globally, categorized by geographical regions (a) and commodity groups (b). 
The left bar in each panel shows deforestation by area; the right bars present 
associated carbon emissions. Emissions from peatland drainage linked to 
deforestation are shown separately as the rightmost bar plot in each panel. 
Between 2001 and 2022, total deforestation associated with the production 
of agricultural and forestry commodities amounted to 121.8 Mha, resulting 

in 41.2 GtCO2 of carbon emissions (equation (1)), plus an additional 2.9 GtCO2 
through peatland drainage. The relative contributions of geographical 
regions, commodity groups, and selected major deforestation countries and 
commodities are also expressed as percentages of total deforestation and carbon 
emissions. Furthermore, the contribution of commodities, broken down by 
geographical regions, is illustrated in Supplementary Fig. 2.  
Country- and commodity-specific estimates are available at https://www.
deforestationfootprint.earth.
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Fig. 4 | Spatial patterns of major deforestation-risk commodities (aggregated 
for 2018–2022). This figure illustrates the spatial distribution of deforestation-
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deforestation estimates are averaged over the recent five years (2018–2022) 

and represented in ha yr−1. The IQI for these commodities is detailed in 
Supplementary Fig. 4. Deforestation-risk regions for the commodities (shown 
above) in Brazil at the municipality-level are illustrated in Supplementary Fig. 5.
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despite their fundamentally different temporal dynamics, risks 
underestimating their true impact, and requires careful considera-
tion across both space and time.

Lastly, our carbon emission estimates are probably conservative 
because the baseline approach does not explicitly represent aver-
age crop carbon stocks prior to harvest, which vary across regions 
and management systems. Instead, we deduct mature crop carbon 
stocks from gross emissions (equation (1)), even though average car-
bon accumulation by these commodities before harvest is typically 
lower and influenced by factors such as crop residue management, 
pruning intensity and rotation length in perennial cropping systems. 
However, assuming that crops, on average, reach 75% of their mature 
carbon stock before harvest, we estimate global emissions (excluding 

peatland drainage emissions) to be 8% higher than in our baseline 
reported scenario, with the largest effect observed for tree crops such 
as oil palm (+16%) (Table 1).

Discussion
The DeDuCE model reinforces that food systems are the primary driver 
of deforestation (Figs. 1 and 3) and a major source of global carbon 
emissions8. The data produced by the model can serve as a strong 
evidence base for developing national GHG inventories63, reporting 
standards30, targeted policies12 and regulatory frameworks29. Such 
guidance is crucial for private- and public-sector organisations to man-
age and adapt their operations and value chains in line with global 
sustainability targets64.
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Fig. 5 | Quality of commodity-driven deforestation estimates (2001–2022).  
a, The ranked line plot visualizes the IQI of all deforestation estimates for 
different country–commodity pairs, arranged from the lowest IQI score (on the 
left) to the highest (on the right) between 2001 and 2022. The labels provide 
insights into the dominant data types and their level of explicitness, which 
contribute to the respective IQI rankings. Inset: temporal IQI subplot in which 

the 95% confidence interval represents the 2.5th and 97.5th percentiles of the 
IQI values. b, To highlight the quality of data currently used for deforestation 
attribution (2001–2022), we present the top-50 deforestation-risk country–
commodity pairs along with their respective weighted average IQI. These 
top-50 country–commodity pairs account for approximately 70% of global 
deforestation.
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The importance of developing food system emission invento-
ries was highlighted at COP 28, at which nations were urged to inte-
grate agriculture and food systems into their national climate and 
biodiversity plans65. To meet this commitment, governments must 
comprehensively assess their food system impacts—by estimating 

agricultural land-use changes and associated carbon emissions—
and set targets to reduce emissions in their Nationally Determined 
Contributions by 2025. Shifting from broad-stroke assessments8 
to detailed, commodity-specific deforestation and carbon emis-
sion estimates will help identify priority areas for targeted actions. 

Table 1 | Sensitivity of deforestation and carbon emission estimates to modelling parameters

Broad category Sensitivity control Sub-category % change from reference

Deforestation Carbon 
emissions

Forest and deforestation

Tree cover density28
≥10% 6.59 1.42

≥75% −29.98 −10.97

JRC Global forest cover 202057

(only compared with deforestation estimates 
from 2020 to 2022)

— −11.15 −39.72

JRC TMF Deforestation59,60

(only compared for TMF countries)
— −28.17 −18.84

Forest plantation Assuming that all plantations from SDPT54 were 
established before the year 2000

All commodities −0.03 <0.01

Only forest plantations −0.17 −0.41

Attribution lag period from the 
year of deforestation

Spatial lag period
(only compared for the MapBiomas countries)

1 year −9.95 −8.97

5 years 4.25 3.82

Statistical lag period
1 year −0.72 −0.84

5 years 0.09 0.54

Inclusion of spatial datasets

Partial statistical attribution (only using Global 
forest change28, the dominant driver of forest 
loss24 dataset and agricultural statistics31)

All commodities—global 40.53 39.48

Oil palm–Indonesia 19.72 38.82

Cocoa—Côte d’Ivoire −29.21 −42.56

Soya beans—Brazil 234.81 373.56

Full statistical attribution (only using the 
Global forest change28 dataset and agricultural 
statistics31)

All commodities—global 86.00 73.12

Oil palm—Indonesia 20.27 36.19

Cocoa—Côte d’Ivoire −28.87 −42.16

Soya beans—Brazil 151.83 246.03

Land-use expansion

Croplands do not expand over pastures first, but 
expand over forests directly

— 0.22  0.31

Net agricultural expansion — −7.63  −9.20

All statistical land-use attribution is restricted by 
FAOSTAT

— −1.23  −1.65

All statistical land-use attribution not restricted 
by FAOSTAT

— 20.78  28.08

Agriculture statistics (only for 
Brazil)

National-level agricultural statistics — 0.12  0.10

Multiple cropping
(only for Brazil)

Not accounting for the harvested area from 
multiple cropping

Maize 35.38 35.83

Beans 19.56 29.11

Potatoes 47.63 39.65

Groundnuts −7.13 −9.16

Accumulation period of peatland 
drainage emissions

Global
(compared with accumulation until the year 2022 
from the year of deforestation)

No accumulation — −91.39

5 years from the year of 
deforestation

— −58.91

10 years from the year of 
deforestation

— −26.09

15 years from the year of 
deforestation

— −7.07

Net carbon emissions (excluding 
peatland drainage emissions)

Only considering 75% of the mature plant carbon 
stocks for the replacing commodity (equation (1))

All commodities — 8.16

All tree crops — 16.46

Oil palm — 16.74

The absolute reference and sensitivity analysis values are provided in Supplementary Table 5. The deforestation attribution and carbon emission estimates from all sensitivity analyses are 
available from Zenodo88.
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Furthermore, globally consistent food system emission estimates 
are crucial for coordinating global action and aligning conservation 
and mitigation strategies66.

The private sector also stands to gain from globally comprehensive 
deforestation and carbon emission accounting. A prime example is 
the Science-Based Targets initiative for Forest, Land, and Agriculture 
(SBTi FLAG)29, which guides companies in setting emission reduction 
targets and provides independent validation of these targets against 
current sustainability goals. With a specific focus on deforestation 
due to EUDR commodities, rice, maize and wheat, among other prod-
ucts, companies should use the best and most complete data available 
per commodity and region, trailing back 20 years, to comprehen-
sively assess their present emissions29—a requirement for which the 
DeDuCE data are highly suited. This also applies to financial institu-
tions, which are increasingly called upon to evaluate the sustainability 
of their investments67.

The estimates from the DeDuCE model can also support assess-
ments of the environmental footprint of food consumption and the 
deforestation exposure of global supply chains. Combining our defor-
estation estimates with a physical trade model68 (Data availability), 
we find that in 2022, about 30% of global agricultural deforestation 
was embodied in traded goods. South America and Southeast Asia 
are major exporting hubs for these deforestation-risk commodities, 
while China, the European Union, the United States, India and Japan 
are major importers (Extended Data Fig. 2a). Furthermore, the Euro-
pean Union, being the second largest trader of deforestation-risk 
agricultural commodities, accounts for about 14% of all globally traded 
deforestation-risk agricultural commodities. Major EU economies, 
such as Germany, Spain, Italy, France and the Netherlands, are primary 
importers of cocoa, coffee, oil palm, soybeans, cattle meat and maize 
(Extended Data Fig. 2b).

The EUDR—currently set to launch by the end of 202615—requires 
food system actors to establish due-diligence systems that mitigate 
deforestation risks within supply chains69. These systems must reflect 
the deforestation-risk of exporter countries, based on a benchmarking 
system designed to account for rates of deforestation, agricultural 
expansion and commodity production15. However, unclear thresh-
olds for classifying deforestation-risk benchmarks15 due to the lack of 
global-scale spatiotemporal deforestation data have posed consid-
erable challenges for implementing the EUDR58. We believe that the 
commodity-driven deforestation estimates provided by the DeDuCE 
model can offer essential input for EUDR risk benchmarking.

Although the EUDR aims to promote sustainable land-use prac-
tices, many exporter countries have expressed concerns about its impli-
cations on trade due to their economic priorities, legal frameworks and 
the additional costs required to develop enforcement capabilities70,71. 
These factors can, in turn, increase the potential for leakages to non-EU 
markets72 (Extended Data Fig. 2a). The estimates from the DeDuCE 
model can be used to assess such leakages for countries committed 
to achieving their climate goals.

In conclusion, we believe that the versatility of the DeDuCE model, 
combined with the comprehensiveness of its results, which integrate 
the best available spatial and statistical data to provide up-to-date 
estimates of commodity-driven deforestation and carbon emissions, 
makes it ideal for a broad range of global forest conservation and cli-
mate change mitigation efforts.

Methods
The DeDuCE model leverages a comprehensive array of spatial datasets 
and agricultural statistics to quantify deforestation and associated car-
bon emissions from agricultural and forestry activities. The modelling 
framework involves three primary steps (Extended Data Fig. 1), each 
detailed below: (1) spatial and statistical deforestation attribution asso-
ciated with the production of agriculture and forestry commodities; (2) 
carbon emissions calculation, including emissions from deforestation 

over peatlands (through peatland drainage); and (3) quality assess-
ment, examining the quality of the input data and its contribution to 
the model’s estimates (Extended Data Fig. 1).

The model generates annual deforestation and carbon emission 
estimates, along with an IQI for each country–commodity pairing at the 
national level (and subnational level for Brazil), adhering to the admin-
istrative boundaries defined by the Database of Global Administrative 
Areas (GADM) v.4.173. Detailed information on the datasets used in this 
model is presented in Supplementary Table 2.

Deforestation attribution
Spatial attribution utilizes a wealth of remote-sensing data to allocate 
tree cover loss to either specific commodities (for example, soybeans or 
oil palms), specific land uses (for example, croplands, pastures, forest 
plantations or mixed land-use mosaics) or broad deforestation drivers 
(for example, commodity-driven deforestation or forestry activities) 
(Extended Data Fig. 1). When the proximate cause of deforestation is 
not attributable to a single commodity via spatial attribution, we use 
statistical attribution based on agricultural and forestry statistics to 
attribute deforestation to specific commodities (Supplementary Fig. 1).

Spatial attribution. We begin by defining forest and deforesta-
tion. Here, forests are defined as trees established through natural 
regeneration3, and the conversion of these natural forests to other 
land uses is referred to as deforestation3. This definition of forest 
excludes forest plantations that are intensively managed for wood, 
fibre and energy3. To delineate these categories, we use the GFC data-
set28 (Extended Data Fig. 1) which defines tree cover based on the pres-
ence of woody vegetation exceeding 5 m in height, with tree cover loss 
representing the replacement of woody vegetation within each 30-m 
pixel. Recognizing that not all woody vegetation constitutes natural 
forest, we adopt a tree cover density threshold of ≥25% per pixel74 
(although this threshold can be adjusted to suit varying definitions 
of forest and deforestation, as shown in Table 1) and apply a global 
forest plantation mask (Supplementary Fig. 7; see discussion in Sup-
plementary Information, Forest plantation mask) to distinguish loss of 
natural forests from managed forests (for example, rotational clearing 
of forest plantations). Pixels not meeting this natural forest criterion 
are excluded from further assessments.

It is important to recognize that the GFC dataset provides tree 
cover density values only for the year 2000. Although this aligns with 
our objective of evaluating deforestation from 2001 onwards, the 
dataset offers annual estimates of tree cover loss (for the first loss 
event), but not gain (necessary to account for forest regrowth) and 
subsequent losses. Consequently, losses of secondary forests—those 
regenerating naturally after the removal of native natural forests—
established post-2000 are therefore not captured. Although global 
estimates of secondary forest loss and carbon emissions are largely 
unknown, studies on the Brazilian Amazon indicate that losses of 
primary and secondary forests have been quite comparable over the 
past two decades (both between 1 and 1.5 Mha yr−1)75, with secondary 
forest loss can contributing up to 11 ± 3.7 MgCO2 ha−1 yr−1 in emissions76. 
However, the lack of annual forest-regrowth data prevents us from 
incorporating it into the DeDuCE modelling framework. Secondary 
regrowth will only be included if it was already classified as forest 
in the year 2000—as can occur in older deforestation frontiers with 
extensive agricultural-land abandonment, such as in the Brazilian 
Amazon (Supplementary Note 5).

To assess the contribution of agricultural and forestry activities 
to annual deforestation, we overlay different land-use products that 
demarcate cropland77, forest plantation78 and pasture extents79, and 
crop commodities such as soybeans16 and cocoa80 on an annual tree 
cover loss layer28 spanning from 2001 to 2022 (Extended Data Fig. 1 and 
Supplementary Table 2; see discussion in Supplementary Information, 
Processing temporally explicit and temporally aggregated datasets). 
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Through this, we gain insights into (1) whether a given pixel of forest 
loss constitutes deforestation and (2) what was the proximate cause 
of that deforestation (Extended Data Fig. 1).

To ensure a coherent integration of this data, we use a hierarchical 
attribution based on a scoring system that evaluates each dataset’s 
relevance based on spatial coverage, temporal frequency, and the 
specificity of deforestation driver and causation (that is, explicitness) 
(Supplementary Table 6). Further particulars of this scoring system 
are delineated in ‘Quality assessment’ below, but for each forest-loss 
pixel, we prioritize the most detailed information on the direct cause 
of forest loss. This means that we prioritize spatial data on specific 
agricultural commodities, then broader land-use categories, and 
finally general or dominant forest-loss drivers. Whenever datasets 
overlap in content (similar land use or commodity), those with higher 
spatiotemporal resolution take precedence. Furthermore, our model 
refrains from attributing forest loss to spatial data beyond the most 
recent year of available information, ensuring that our analysis reflects 
the latest land-use status. This approach ensures that once a pixel’s 
forest-loss driver is accounted for, it is no longer considered in the 
further attribution process.

In the final step of the spatial attribution, we address forest loss 
resulting from fires, a natural process crucial for ecological equi-
librium, particularly in boreal regions. We systematically remove 
fire-related forest loss from our deforestation attribution, using 
spatiotemporal data44 that identify such events. Additionally, for 
regions not captured by the commodity and land-use datasets listed 
in Supplementary Table 2, we employ a global dataset by Curtis et al.24 
that identifies the dominant drivers of forest loss (supplemented 
with the global forest plantation mask to segregate natural forest loss 
from the rotational clearing over managed plantations post-2000; 
Supplementary Fig. 7). All preprocessing methodologies applied to 
these spatial datasets are detailed in Supplementary Table 7.

The result of the spatial attribution is a dataset that summarizes, 
at the (sub)national level, the amount of deforestation attributed to 
specific commodities (soy, maize, sugarcane), land uses (croplands, 
pastures or forest plantations) or as the mosaics of multiple land uses, 
and deforestation drivers (Extended Data Fig. 1). The entire process of 
spatial deforestation attribution, involving the analysis of terabytes of 
spatial data, is conducted utilizing GEE.

Statistical attribution. Despite spatial attribution, considerable defor-
estation remains unclassified to specific commodities. This occurs for 
three main reasons: (1) when we have specific land-use information 
indicating the cause of deforestation is either a cropland, pasture or 
forest plantation; (2) the presence of land-use mosaics, specifically the 
MapBiomas79 dataset, which identifies pixels as a cropland and pasture 
mosaic when the algorithm cannot distinctly separate the two, or the 
Curtis et al.24 dataset, which determines the primary driver of forest 
loss aggregated over a 22-year period; or (3) instances where forest 
loss is not linked to any specific commodity or land-use by the existing 
spatial datasets (Supplementary Table 2).

To attribute forest loss to a specific commodity in these cases,  
we follow a two-step statistical land-balance approach (Supplementary  
Fig. 1). We first attribute deforestation in the latter two cases to 
either cropland, pasture or forest plantations. This method uti-
lizes annual land-use data from FAOSTAT31 and FRA3 to inform on 
the extent of land-use expansion in these indeterminate areas 
of deforestation (referred to as ‘statistical land-use attribution’ in 
Extended Data Fig. 1; discussed in Supplementary Information, Statisti-
cal land-use attribution; Supplementary Note 6). Second, we further 
attribute cropland-driven deforestation to various crop commodi-
ties according to their respective increases in harvested area (again 
using FAOSTAT31; referred to as ‘statistical commodity attribution’ in 
Extended Data Fig. 1 and Supplementary Fig. 1). Similarly, deforestation 
from pasture expansion is allocated between cattle meat and leather. 

Deforestation attributed to forest plantations is allocated broadly to 
forestry products, due to the absence of detailed forestry-commodity 
statistics. See Supplementary Information, Statistical commodity 
attribution for a detailed discussion.

Carbon emissions calculation
To calculate carbon emissions, excluding those from peatland drain-
age, we assess changes in carbon stocks due to forest loss. Our anal-
ysis concentrates on five key stocks: aboveground biomass (AGB), 
belowground biomass (BGB), deadwood, litter and soil organic carbon 
(SOC) (Extended Data Fig. 1). Notably, BGB and SOC losses are typically 
delayed responses to aboveground disturbances22. However, for the 
purpose of our analysis, these losses are treated as if they are an inevi-
table consequence of the deforestation, often referred to as ‘one-off’ 
or ‘committed’ losses. Essentially, it implies that once a region is defor-
ested, the belowground carbon and associated SOC is also considered 
lost, even though this process might happen slowly over time.

AGB per pixel (in Mg px−1) is derived from the aboveground live 
biomass density data for year 2000 at 30-m resolution33. Based on this 
spatial AGB map and a 1-km-resolution map of root-to-shoot biomass 
ratio81, we estimate BGB. Deadwood and litter biomass densities are also 
spatially calculated as proportions of AGB, informed by biome-specific 
look-up tables that factor in elevation and precipitation (look-up 
table in ref. 33) (Supplementary Table 2). These biomass densities 
are converted to carbon densities (that is, MgC px−1) using a standard 
biomass-to-carbon conversion ratio of 0.47 for forest ecosystems, as 
recommended by the IPCC82.

For spatially attributed commodities, carbon emissions are 
calculated by overlaying forest-loss pixels onto the corresponding 
total carbon stock maps. For statistically attributed commodities, 
emissions are apportioned based on their proportion to the total for-
est loss associated with that commodity’s land use (that is, if maize’s 
statistically attributed forest loss accounts for 50% of all forest 
loss from croplands, maize would also bear 50% of the total carbon 
emissions statistically attributed to cropland-driven deforestation; 
Supplementary Information).

SOC stock data are obtained from the SoilGrids2.0 dataset34, 
which provides SOC stocks at different depths at 250-m resolution (in 
MgC ha−1). To avoid double-counting carbon emissions, we exclude 
SOC pixels overlapping with the global peatland map from our analy-
sis. Emissions from peatland drainage linked to deforestation are 
analysed separately, as described below. For our purposes, we con-
sider SOC within the top 100 cm of soil, the layer most affected by 
land-use changes, and downscale this data to a 30-m resolution (esti-
mates expressed in MgC px−1). In light of limited data on SOC losses 
over deforested regions, we adopt an alternative approach informed 
by meta-analyses, which indicates that converting natural forests to 
either a cropland, pasture or forest plantation will typically result 
in decreased SOC stocks. Consequently, we represent SOC loss as a 
fraction of the existing SOC stocks for different replacing land uses 
and biomes (Supplementary Table 8). These SOC emissions are then 
added to the carbon emissions calculated from AGB, BGB, deadwood 
and litter (equation (1)).

We then deduct the committed carbon sequestration potential of 
the replacing commodity (for example, carbon stored as vegetation 
biomass if the replacing land use is maize or forest plantation) (equa-
tion (1)). This deduction is informed by a meta-analysis of mature plant 
carbon stocks across commodities (in MgC ha−1), and is categorized into 
40 commodities across 11 commodity groups (Supplementary Table 9). 
If data for a specific commodity are absent, we refer to the plant carbon 
stocks of its respective commodity group (Supplementary Table 9). 
These values represent the maximum carbon storage in the replacing 
crop systems, while the time-averaged sequestration before harvest 
(often lower than the maximum carbon stock) will vary between crops 
and management systems (for example, the share of carbon stored 
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in roots and residues and how the latter are managed will influence 
carbon turnover times in annual crop systems; the length of rotation 
periods and pruning frequency will impact average carbon stocks in 
perennial crop systems), which means that our estimates of net emis-
sions are conservative.

The resulting net carbon emissions are then expressed in MtCO2:

net carbon

emissions
= AGB + BGB + deadwood + litter + SOC loss

−
plant carbon stocks of

replacing commodity

(1)

Peatland drainage emissions. To align with the deforestation attri-
bution analysis, our model concentrates on carbon emissions from 
deforestation occurring on peatlands post-2000, deliberately excluding 
continuous emissions from peatlands deforested earlier. By superim-
posing a high-resolution global peatland map (a composite map pre-
pared from multiple sources at 30-m resolution35) onto identified forest 
loss, we isolate peatland deforestation linked to specific commodities 
and land-uses post-2000 (Extended Data Fig. 1). In the presence of 
spatial commodity data, overlapping peatland deforestation is directly 
attributed to the corresponding commodity. In their absence, however, 
we evenly allocate deforested peatland areas among all identified com-
modities expansions within a country (similar to statistical attribution).

To estimate the emissions from peatland drainage, we use emis-
sion factors reported by published literature (often represented in 
MgCO2 ha−1 yr−1). These factors are informed by subsidence observa-
tions and standardized rates of peat oxidation, providing a scientifi-
cally grounded approach to these emission factor calculations82,83. 
Based on previous meta-analyses of peatland emission factors82–85 
(Supplementary Table 10), we have stratified emission factors by 
land-use expansions (such as peatland drainage due to cropland, pas-
ture or forest plantation expansions; or oil palm expansions specifically) 
and deforestation biome (that is, tropical, temperate and boreal), which 
allows us to apply these factors to specific drainage conditions for differ-
ent biomes. We multiply these emission factors with peatland drainage 
area (result expressed in MgCO2 yr−1). Unlike committed emissions, these 
peatland drainage emissions continue to accumulate, year on year, from 
the initial deforestation event until the conclusion of our study period 
(discussed in Supplementary Information, Peatland drainage emissions). 
For instance, a hectare of peatland cleared and drained for oil palm in 
2010 incurs annual emissions of 54.41 MgCO2 every year until 2022.

In addition to providing annual (that is, unamortized) deforesta-
tion and carbon emission estimates for country–commodity pairings, 
we also present amortized estimates (excluding peatland drainage 
emissions). For amortization, we distribute these estimates evenly over 
a 5-year period. This amortization aligns the temporal scale of deforesta-
tion’s impact with the timeframe of agricultural production, offering a 
more nuanced understanding of the long-term environmental footprint 
of crop cultivation and forestry activities86,87 (Supplementary Note 7).

Quality assessment
Our methodology integrates multiple spatial and statistical datasets, 
making it necessary to assess the quality or reliability of our deforesta-
tion estimates aggregated for each country–commodity pairing (Fig. 5 
and Extended Data Fig. 1). To this end, we developed an IQI designed to 
reflect the relative confidence in each deforestation estimate. Combin-
ing multiple criteria, it measures how much the input data deviates in 
relation to, what we consider, the ideal characteristics of input data 
required to precisely quantify direct drivers of deforestation (dLUC), 
namely the highest spatial and temporal resolution, explicitness, and 
full accuracy (equation (2) and Supplementary Table 11). This assess-
ment should not be confused with just the accuracy of underlying 
datasets or the model’s deforestation estimates because the latter is 

particularly challenging to assess deterministically for an integrated 
dataset of this scale and comprehensiveness. To quantify the quality 
of our deforestation estimates, we take into account three factors 
(equation (2)):

	 1.	 Forest loss or deforestation (FLi,t) attributed to a specific com-
modity (i) in a specific region and year (t).

	 2.	 Overall accuracy (OAj) of the input dataset (j), which con-
tributed to the aggregation of final deforestation estimates. 
This value is provided by the respective studies and datasets 
(Supplementary Table 2) and is assumed to encompass all 
aspects of input data’s accuracy. Thus, FLi,j represents the con-
tributions from each input data source (j) to the deforestation 
estimates attributed to a specific commodity (i).

	 3.	 Scorej, a metric developed by us to normalize OAj and 
make it comparable between all the input datasets of dif-
ferent types (that is, remote sensing-based and statistical) 
(Supplementary Information, Scoring metric justification, 
and Supplementary Table 6). This normalization hinges 
on three pivotal (and equally weighted) criteria assessing 
each input dataset’s spatial and temporal granularity, as 
well as explicitness or specificity of deforestation driver 
(Supplementary Table 11).

Spatially, a maximum score (of 1) is assigned to datasets with a 
resolution ≤10-m, tailored to individual countries. Temporally, annual 
datasets from 2001 to 2022 for herbaceous crops, and comprehensive 
data from 2000 or earlier for tree crops and forest plantations receive 
the top score. For tree crops and forest plantations, data from the year 
2000 or earlier allow us to distinguish post-2000 deforestation from 
rotational clearing, thus removing the need for plantation masking. 
For explicitness, datasets mapping a singular agricultural or forestry 
commodity, validated by field data, are scored highest. Any fluctuation 
from these conditions results in the score of the dataset being penal-
ized. The detailed scoring criteria are given in Supplementary Table 11.

This approach above works well when only spatial commodity 
datasets contribute to deforestation estimates (dLUC) (equation (2); 
and see discussion in Supplementary Information, Calculation of 
Integrated Quality Index (IQI)). However, the datasets we use also 
include broad spatial land-use information, which, when combined 
with agricultural land-use and commodity production statistics, pro-
vide estimates of commodity-driven deforestation (sLUC). In such 
cases, it is crucial to reflect the reliability of these agricultural statistics 
in the quality of our deforestation estimates. Because FAOSTAT does 
not provide overall accuracy, but report Flags—a qualitative assess-
ment of the reported value (see the description of FAOSTAT flags in 
Supplementary Table 12)—we incorporate them into our quality assess-
ment framework. We achieve this by multiplying the overall accuracy 
of the spatial land-use dataset (OAj; Supplementary Table 6) with the 
agricultural statistics quality flags (equation (2); and see discussion in 
Supplementary Information, Calculation of Integrated Quality Index 
(IQI)). Within these quality flags, data reported by official sources to 
FAOSTAT receive the highest score, while those that are estimated, 
imputed or extracted from unofficial sources are assigned progres-
sively lower scores (Supplementary Table 12).

IQIi,t =
∑n

j=1 (FLi,j ×OAj × Scorej)t
FLi,t

,

OAj =

⎧
⎪⎪⎪
⎨
⎪⎪⎪
⎩

OAj if only spatial commodity

datasets contribute to

deforestation attribution

OAj × (
Flaglanduse + Flagproduction

2 ) otherwise

(2)
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In the DeDuCE model’s two-step land-balance approach, we use two 
agricultural statistics. Here, Flagland use and Flagproduction represent the 
quality of land-use and commodity production data, respectively. It 
is important to note that the IBGE dataset for Brazil does not provide 
flags for commodity production (Flagproduction). Thus, we assign a value 
of 1, reflecting the official figure flag as IBGE directly reports the data. 
Examples of IQI calculations under various scenarios are provided in 
Supplementary Information.

Note that while a higher IQI indicates greater confidence that a 
data point approximates direct deforestation (dLUC) for a given com-
modity and country, it should not be interpreted as a direct measure 
of accuracy. In some cases, high-IQI estimates may still diverge from 
reference data, whereas low-IQI estimates may align by chance or com-
pensating biases (Supplementary Note 3 and Supplementary Table 3). 
Such discrepancies can arise from methodological differences or 
from limitations in spatial datasets that imperfectly capture land-use 
transitions, and in agricultural statistics that reflect statistical attribu-
tion (sLUC) rather than direct, spatially verified deforestation (dLUC).

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

Data availability
The deforestation and carbon emission estimates generated by the 
DeDuCE model, including those from sensitivity analyses, are available 
from Zenodo via https://doi.org/10.5281/zenodo.13624636 (ref. 88). 
The trade analysis presented in Extended Data Fig. 2 is available from 
Zenodo via https://doi.org/10.5281/zenodo.10633818 (ref. 89). All the 
datasets used in this study are documented in Supplementary Table 2. 
The insights from the DeDuCE model can be viewed at https://www.
deforestationfootprint.earth. Source data are provided with this paper.

Code availability
The Google Earth Engine and Python code for running the DeDuCE 
model, and the code needed to replicate the analysis presented in this 
study, are available at GitHub: https://github.com/chandrakant6492/
DeDuCE.

References
1.	 The State of the World’s Forests 2022—forest pathways for 

green recovery and building inclusive, resilient and sustainable 
economies. FAO https://doi.org/10.4060/cb9360en (2022).

2.	 Pendrill, F. et al. Disentangling the numbers behind 
agriculture-driven tropical deforestation. Science 377, eabm9267 
(2022).

3.	 Global Forest Resource Assessment 2020. FAO https://fra-data.
fao.org/assessments/fra/2020 (2023).

4.	 Ritchie, H. & Roser, M. Deforestation and Forest Loss (Our World in 
Data, 2023).

5.	 IPBES Global assessment report on biodiversity and ecosystem 
services of the Intergovernmental Science-Policy Platform on 
Biodiversity and Ecosystem Services. Zenodo https://doi.org/ 
10.5281/zenodo.3831673 (2019).

6.	 Friedlingstein, P. et al. Global Carbon Budget 2023. Earth Syst. 
Sci. Data 15, 5301–5369 (2023).

7.	 IPCC: Summary for Policymakers. In Climate Change 2021: The 
Physical Science Basis. Contribution of Working Group I to the Sixth 
Assessment Report of the Intergovernmental Panel on Climate 
Change 3–32 (Cambridge Univ. Press, 2021); https://doi.org/ 
10.1017/9781009157896.001

8.	 Crippa, M. et al. Food systems are responsible for a third of global 
anthropogenic GHG emissions. Nat. Food 2, 198–209 (2021).

9.	 Poore, J. & Nemecek, T. Reducing food’s environmental impacts 
through producers and consumers. Science 360, 987–992 (2018).

10.	 Li, Y. et al. Changes in global food consumption increase GHG 
emissions despite efficiency gains along global supply chains. 
Nat. Food 4, 483–495 (2023).

11.	 Xu, C., Kohler, T. A., Lenton, T. M., Svenning, J.-C. & Scheffer, M. 
Future of the human climate niche. Proc. Natl Acad. Sci. USA 117, 
11350–11355 (2020).

12.	 Goetz, S. J. et al. Measurement and monitoring needs, 
capabilities and potential for addressing reduced emissions from 
deforestation and forest degradation under REDD+. Environ. Res. 
Lett. 10, 123001 (2015).

13.	 New York Declaration on Forests—Action Statements and Action 
Plans (UN, 2014); https://unfccc.int/media/514893/new-york-
declaration-on-forests_26-nov-2015.pdf

14.	 Zero-Deforestation Commitments: A New Avenue towards 
Enhanced Forest Governance? (FAO, 2018).

15.	 Regulation (EU) 2023/1115 of the European Parliament and of the 
Council of 31 May 2023 on the making available on the Union 
market and the export from the Union of certain commodities and 
products associated with deforestation and forest degradation 
and repealing Regulation (EU) No. 995/2010. EU https://eur-lex.
europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX%3A3202
3R1115 (2023).

16.	 Song, X.-P. et al. Massive soybean expansion in South America 
since 2000 and implications for conservation. Nat. Sustain. 
https://doi.org/10.1038/s41893-021-00729-z (2021).

17.	 Gaveau, D. L. A. et al. Slowing deforestation in Indonesia follows 
declining oil palm expansion and lower oil prices. PLoS ONE 17, 
e0266178 (2022).

18.	 Goldman, E., Weisse, M., Harris, N. & Schneider, M. Estimating the 
role of seven commodities in agriculture-linked deforestation: oil 
palm, soy, cattle, wood fiber, cocoa, coffee, and rubber. WRIPUB 
https://doi.org/10.46830/writn.na.00001 (2020).

19.	 Pendrill, F., Persson, U. M., Godar, J. & Kastner, T. Deforestation 
displaced: trade in forest-risk commodities and the prospects for 
a global forest transition. Environ. Res. Lett. 14, 055003 (2019).

20.	 Hong, C. et al. Global and regional drivers of land-use emissions 
in 1961–2017. Nature 589, 554–561 (2021).

21.	 Hoang, N. T. & Kanemoto, K. Mapping the deforestation footprint 
of nations reveals growing threat to tropical forests. Nat. Ecol. 
Evol. 5, 845–853 (2021).

22.	 Feng, Y. et al. Doubling of annual forest carbon loss over the 
tropics during the early twenty-first century. Nat. Sustain. 5, 
444–451 (2022).

23.	 Li, S. et al. Geospatial big data handling theory and methods: a 
review and research challenges. ISPRS J. Photogramm. Remote 
Sens. 115, 119–133 (2016).

24.	 Curtis, P. G., Slay, C. M., Harris, N. L., Tyukavina, A. & Hansen, M. 
C. Classifying drivers of global forest loss. Science 361, 1108–1111 
(2018).

25.	 Wassénius, E. & Crona, B. I. Adapting risk assessments for a 
complex future. One Earth 5, 35–43 (2022).

26.	 Wells, G., Pascual, U., Stephenson, C. & Ryan, C. M. Confronting 
deep uncertainty in the forest carbon industry. Science 382, 
41–43 (2023).

27.	 The State of the World’s Forests 2024—forest-sector innovations 
towards a more sustainable future. FAO https://doi.org/10.4060/
cd1211en (2024).

28.	 Hansen, M. C. et al. High-resolution global maps of 21st-century 
forest cover change. Science 342, 850–853 (2013).

29.	 Anderson, C. M., Bicalho, T., Wallace, E., Letts, T. & Stevenson, M.  
Forest, Land and Agriculture Science-Based Target-Setting 
Guidance (WWF, 2022); https://files.sciencebasedtargets.org/
production/files/SBTiFLAGGuidance.pdf

30.	 Greenhouse Gas Protocol Land Sector and Removals Guidance 
(WRI and WBCSD, 2024).

http://www.nature.com/natfood
https://doi.org/10.5281/zenodo.13624636
https://doi.org/10.5281/zenodo.10633818
https://www.deforestationfootprint.earth
https://www.deforestationfootprint.earth
https://github.com/chandrakant6492/DeDuCE
https://github.com/chandrakant6492/DeDuCE
https://doi.org/10.4060/cb9360en
https://fra-data.fao.org/assessments/fra/2020
https://fra-data.fao.org/assessments/fra/2020
https://doi.org/10.5281/zenodo.3831673
https://doi.org/10.5281/zenodo.3831673
https://doi.org/10.1017/9781009157896.001
https://doi.org/10.1017/9781009157896.001
https://unfccc.int/media/514893/new-york-declaration-on-forests_26-nov-2015.pdf
https://unfccc.int/media/514893/new-york-declaration-on-forests_26-nov-2015.pdf
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX%3A32023R1115
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX%3A32023R1115
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX%3A32023R1115
https://doi.org/10.1038/s41893-021-00729-z
https://doi.org/10.46830/writn.na.00001
https://doi.org/10.4060/cd1211en
https://doi.org/10.4060/cd1211en
https://files.sciencebasedtargets.org/production/files/SBTiFLAGGuidance.pdf
https://files.sciencebasedtargets.org/production/files/SBTiFLAGGuidance.pdf


Nature Food | Volume 7 | February 2026 | 138–151 150

Article https://doi.org/10.1038/s43016-026-01305-4

31.	 FAOSTAT. FAO Food and Agriculture Statistics. FAO https://www.
fao.org/faostat/en/#data (2025).

32.	 Wernet, G. et al. The Ecoinvent Database version 3 (part I): 
overview and methodology. Int. J. Life Cycle Assess. 21, 1218–1230 
(2016).

33.	 Harris, N. L. et al. Global maps of twenty-first century forest 
carbon fluxes. Nat. Clim. Change 11, 234–240 (2021).

34.	 Poggio, L. et al. SoilGrids 2.0: producing soil information for the 
globe with quantified spatial uncertainty. Soil 7, 217–240 (2021).

35.	 Global Peatlands https://data.globalforestwatch.org/datasets/
gfw::global-peatlands/about (Global Forest Watch, 2023).

36.	 Wilkinson, M. D. et al. The FAIR Guiding Principles for scientific 
data management and stewardship. Sci. Data 3, 160018 (2016).

37.	 Lambin, E. F. & Meyfroidt, P. Global land use change, economic 
globalization, and the looming land scarcity. Proc. Natl Acad. Sci. 
USA 108, 3465–3472 (2011).

38.	 Hazell, P. & Wood, S. Drivers of change in global agriculture. 
Philos. Trans. R. Soc. Lond. 363, 495–515 (2007).

39.	 Meyfroidt, P., Lambin, E. F., Erb, K.-H. & Hertel, T. W. Globalization 
of land use: distant drivers of land change and geographic 
displacement of land use. Curr. Opin. Environ. Sustain. 5, 438–444 
(2013).

40.	 Archer, D. W., Dawson, J., Kreuter, U. P., Hendrickson, M. & 
Halloran, J. M. Social and political influences on agricultural 
systems. Renew. Agric. Food Syst. 23, 272–284 (2008).

41.	 Teo, H. C. et al. Uncertainties in deforestation emission baseline 
methodologies and implications for carbon markets.  
Nat. Commun. 14, 8277 (2023).

42.	 Huettner, M., Leemans, R., Kok, K. & Ebeling, J. A comparison 
of baseline methodologies for ‘reducing emissions from 
deforestation and degradation’. Carbon Balance Manag. 4, 4 
(2009).

43.	 Weisse, M. & Goldman, E. Forest loss. Indicators of forest extent. 
WRI https://research.wri.org/gfr/forest-extent-indicators/forest-
loss (2025).

44.	 Tyukavina, A. et al. Global trends of forest loss due to fire from 
2001 to 2019. Front. Remote Sens. 3, 825190 (2022).

45.	 Staver, A. C., Archibald, S. & Levin, S. A. The global extent and 
determinants of savanna and forest as alternative biome states. 
Science 334, 230–232 (2011).

46.	 Roebeling, P. C. & Hendrix, E. M. T. Land speculation and interest 
rate subsidies as a cause of deforestation: the role of cattle 
ranching in Costa Rica. Land Use Policy 27, 489–496 (2010).

47.	 Junquera, V. & Grêt-Regamey, A. Crop booms at the forest 
frontier: triggers, reinforcing dynamics, and the diffusion of 
knowledge and norms. Glob. Environ. Change 57, 101929 (2019).

48.	 Mattila, T. J. The role of peatlands in carbon footprints of countries 
and products. Sci. Total Environ. 947, 174552 (2024).

49.	 Pendrill, F. et al. Agricultural and forestry trade drives large share 
of tropical deforestation emissions. Glob. Environ. Change 56, 
1–10 (2019).

50.	 Ahlström, A., Canadell, J. G. & Metcalfe, D. B. Widespread 
unquantified conversion of old boreal forests to plantations. 
Earths Future 10, e2022EF003221 (2022).

51.	 Xia, L. et al. Global food insecurity and famine from reduced crop, 
marine fishery and livestock production due to climate disruption 
from nuclear war soot injection. Nat. Food 3, 586–596 (2022).

52.	 Stewart, B. A. & Lal, R. in Advances in Agronomy Vol. 151 (ed. 
Sparks, D. L.) 1–44 (Academic Press, 2018).

53.	 Parente, L. et al. Annual 30-m maps of global grassland class and 
extent (2000–2022) based on spatiotemporal machine learning. 
Sci Data 11, 1303 (2024).

54.	 Harris, N., Goldman, E. D. & Gibbes, S. Spatial Database of Planted 
Trees (SDPT version 1.0). WRI https://www.wri.org/research/
spatial-database-planted-trees-sdpt-version-10 (2019).

55.	 Van Tricht, K. et al. WorldCereal: a dynamic open-source system 
for global-scale, seasonal, and reproducible crop and irrigation 
mapping. Earth Syst. Sci. Data 15, 5491–5515 (2023).

56.	 Flach, R. The Global Subnational Agricultural Production (GSAP) 
Database (SEI, 2024); https://www.sei.org/publications/global-
subnational-agricultural-production-gsap-database

57.	 Bourgoin, C. et al. Global Map of Forest Cover 2020—Version 1 
(EC-JRC, 2023); http://data.europa.eu/89h/10d1b337-b7d1-4938-
a048-686c8185b290

58.	 Rochmyaningsih, D. New European rules to curb deforestation 
have worrying flaws, scientists say. Science 385, 485–485 (2024).

59.	 Vancutsem, C. et al. Long-term (1990–2019) monitoring of forest 
cover changes in the humid tropics. Sci. Adv. 7, eabe1603 (2021).

60.	 Tropical Moist Forests Product—Data Access (European 
Commission, 2024); https://forobs.jrc.ec.europa.eu/TMF/data.php

61.	 Sims, M. et al. Differences between Global Forest Watch’s tree 
cover loss data and JRC’s tropical moist forest data explained. 
Global Forest Watch https://www.globalforestwatch.org/blog/
data-and-tools/tree-cover-loss-and-tropical-moist-forest-data-
compared (2024).

62.	 Zhang, M. et al. GCI30: a global dataset of 30-m cropping 
intensity using multisource remote sensing imagery. Earth Syst. 
Sci. Data 13, 4799–4817 (2021).

63.	 Crippa, M. et al. GHG Emissions of All World Countries: 2023 (EU, 
2023); https://data.europa.eu/doi/10.2760/953322

64.	 Global Sustainable Development Report 2023: Times of Crisis, 
Times of Change: Science for Accelerating Transformations to 
Sustainable Development (UN, 2023); https://sdgs.un.org/sites/
default/files/2023-09/FINAL%20GSDR%202023-Digital% 
20-110923_1.pdf

65.	 COP28 Declaration on Food and Agriculture https://www.cop28.
com/en/food-and-agriculture (2023).

66.	 Crippa, M., Solazzo, E., Guizzardi, D., Tubiello, F. N. & Leip, A. 
Climate goals require food systems emission inventories. Nat. 
Food 3, 1–1 (2022).

67.	 Crona, B., Folke, C. & Galaz, V. The Anthropocene reality of 
financial risk. One Earth 4, 618–628 (2021).

68.	 Kastner, T., Kastner, M. & Nonhebel, S. Tracing distant 
environmental impacts of agricultural products from a consumer 
perspective. Ecol. Econ. 70, 1032–1040 (2011).

69.	 Bellfield, H., Pereira, O., Gardner, T. & Siqueira Lino, J. Risk 
Benchmarking for the EU Deforestation Regulation: Key Principles 
and Recommendations (Trase and Proforest, 2023); https://
www.proforest.net/fileadmin/uploads/proforest/Documents/
Publications/EU-deforestation-regulation-Key-principles-and-
recommendations.pdf

70.	 Karkalakos, S. The economic consequences of legal framework. 
Statute Law Rev. 45, hmae024 (2024).

71.	 Vasconcelos, A. A., Bastos Lima, M. G., Gardner, T. A. & 
McDermott, C. L. Prospects and challenges for policy 
convergence between the EU and China to address imported 
deforestation. For. Policy Econ. 162, 103183 (2024).

72.	 Köthke, M., Lippe, M. & Elsasser, P. Comparing the former EUTR 
and upcoming EUDR: some implications for private sector and 
authorities. For. Policy Econ. 157, 103079 (2023).

73.	 Database of Global Administrative Areas (Version 4.1) (GADM, 
2024); https://gadm.org/

74.	 Sexton, J. O. et al. Conservation policy and the measurement of 
forests. Nat. Clim. Change 6, 192–196 (2016).

75.	 Wang, Y. et al. Upturn in secondary forest clearing buffers primary 
forest loss in the Brazilian Amazon. Nat. Sustain. 3, 290–295 
(2020).

76.	 Heinrich, V. H. A. et al. Large carbon sink potential of secondary 
forests in the Brazilian Amazon to mitigate climate change. Nat. 
Commun. 12, 1785 (2021).

http://www.nature.com/natfood
https://www.fao.org/faostat/en/#data
https://www.fao.org/faostat/en/#data
https://data.globalforestwatch.org/datasets/gfw::global-peatlands/about
https://data.globalforestwatch.org/datasets/gfw::global-peatlands/about
https://research.wri.org/gfr/forest-extent-indicators/forest-loss
https://research.wri.org/gfr/forest-extent-indicators/forest-loss
https://www.wri.org/research/spatial-database-planted-trees-sdpt-version-10
https://www.wri.org/research/spatial-database-planted-trees-sdpt-version-10
https://www.sei.org/publications/global-subnational-agricultural-production-gsap-database
https://www.sei.org/publications/global-subnational-agricultural-production-gsap-database
http://data.europa.eu/89h/10d1b337-b7d1-4938-a048-686c8185b290
http://data.europa.eu/89h/10d1b337-b7d1-4938-a048-686c8185b290
https://forobs.jrc.ec.europa.eu/TMF/data.php
https://www.globalforestwatch.org/blog/data-and-tools/tree-cover-loss-and-tropical-moist-forest-data-compared
https://www.globalforestwatch.org/blog/data-and-tools/tree-cover-loss-and-tropical-moist-forest-data-compared
https://www.globalforestwatch.org/blog/data-and-tools/tree-cover-loss-and-tropical-moist-forest-data-compared
https://data.europa.eu/doi/10.2760/953322
https://sdgs.un.org/sites/default/files/2023-09/FINAL%20GSDR%202023-Digital%20-110923_1.pdf
https://sdgs.un.org/sites/default/files/2023-09/FINAL%20GSDR%202023-Digital%20-110923_1.pdf
https://sdgs.un.org/sites/default/files/2023-09/FINAL%20GSDR%202023-Digital%20-110923_1.pdf
https://www.cop28.com/en/food-and-agriculture
https://www.cop28.com/en/food-and-agriculture
https://www.proforest.net/fileadmin/uploads/proforest/Documents/Publications/EU-deforestation-regulation-Key-principles-and-recommendations.pdf
https://www.proforest.net/fileadmin/uploads/proforest/Documents/Publications/EU-deforestation-regulation-Key-principles-and-recommendations.pdf
https://www.proforest.net/fileadmin/uploads/proforest/Documents/Publications/EU-deforestation-regulation-Key-principles-and-recommendations.pdf
https://www.proforest.net/fileadmin/uploads/proforest/Documents/Publications/EU-deforestation-regulation-Key-principles-and-recommendations.pdf
https://gadm.org/


Nature Food | Volume 7 | February 2026 | 138–151 151

Article https://doi.org/10.1038/s43016-026-01305-4

77.	 Potapov, P. et al. Global maps of cropland extent and change 
show accelerated cropland expansion in the twenty-first century. 
Nat. Food 3, 19–28 (2022).

78.	 Du, Z. et al. A global map of planting years of plantations.  
Sci. Data 9, 141 (2022).

79.	 MapBiomas General “Handbook”: Algorithm Theoretical Basis 
Document (ATBD) (MapBiomas, 2022); https://mapbiomas-br-site.
s3.amazonaws.com/ATBD_Collection_7_v2.pdf

80.	 Kalischek, N. et al. Cocoa plantations are associated with 
deforestation in Côte d’Ivoire and Ghana. Nat. Food 4, 384–393 
(2023).

81.	 Huang, Y. et al. A global map of root biomass across the world’s 
forests. Earth Syst. Sci. Data 13, 4263–4274 (2021).

82.	 IPCC Guidelines for National Greenhouse Gas Inventories Vol. 4 
(IPCC, 2006); https://www.ipcc.ch/report/2006-ipcc-guidelines-
for-national-greenhouse-gas-inventories/

83.	 Couwenberg, J. Emission factors for managed peat soils—an 
analysis of IPCC default values. Wetlands International https://
www.wetlands.org/publications/emission-factors-for-managed-
peat-soils-an-analysis-of-ipcc-default-values/ (2009).

84.	 Günther, A. et al. Prompt rewetting of drained peatlands reduces 
climate warming despite methane emissions. Nat. Commun. 11, 
1644 (2020).

85.	 Cooper, H. V. et al. Greenhouse gas emissions resulting from 
conversion of peat swamp forest to oil palm plantation. Nat. 
Commun. 11, 407 (2020).

86.	 Persson, U. M., Henders, S. & Cederberg, C. A method for 
calculating a land-use change carbon footprint (LUC-CFP) for 
agricultural commodities—applications to Brazilian beef and soy, 
Indonesian palm oil. Glob. Chang. Biol. 20, 3482–3491 (2014).

87.	 Maciel, V. G. et al. Towards a non-ambiguous view of the 
amortization period for quantifying direct land-use change in 
LCA. Int. J. Life Cycle Assess. 27, 1299–1315 (2022).

88.	 Singh, C. & Persson, U. M. DeDuCE: deforestation and carbon 
emissions due to agriculture and forestry activities from 2001–
2022 (v.1.0.1). Zenodo https://doi.org/10.5281/zenodo.13624636 
(2024).

89.	 Singh, C. et al. Commodity-driven deforestation, associated 
carbon emissions and trade 2001–2022 (v.2.0). Zenodo  
https://doi.org/10.5281/zenodo.10633818 (2024).

90.	 Global Deforestation Rates & Statistics by Country (Global Forest 
Watch, 2025); https://www.globalforestwatch.org/dashboards/
global/

Acknowledgements
This research contributes to the Global Land Programme (https://
www.glp.earth). C.S. and U.M.P. acknowledge the funding support  
from ÅForsk Foundation (project name ReDUCE; grant number  
22-64), the Belmont Forum through FORMAS (project name BEDROCK; 
grant number 2022-02563) and Chalmers’ Energy Area of Advance 
(project name ReDUCE+). We also acknowledge the constructive 
feedback provided by C. West, S. Croft, V. Ribeiro and E. Goldman 
during various stages of this paper’s development. We also thank  
T. Kastner for his assistance in providing the trade model results, and 
J. Reinhard for supplying national-level deforestation estimates from 
Orbae. We also acknowledge computational resources provided by 

the National Academic Infrastructure for Supercomputing in Sweden 
(NAISS) (project ID NAISS 2025/22-391 and NAISS 2025/23-156) 
and Google Earth Engine. Furthermore, we also acknowledge the 
support provided by the National Research Infrastructure for Data 
Visualization (InfraVis) in the development of the dashboard (https://
www.deforestationfootprint.earth) for the dissemination of the 
model results.

Author contributions
C.S. and U.M.P. conceived the study. C.S. led the data analysis, 
visualizations and writing of the original draft, with substantial input 
from U.M.P. Both authors contributed to interpreting the results and 
subsequent revisions to the paper.

Funding
Open access funding provided by Chalmers University of Technology.

Competing interests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at  
https://doi.org/10.1038/s43016-026-01305-4.

Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s43016-026-01305-4.

Correspondence and requests for materials should be addressed to 
Chandrakant Singh or U. Martin Persson.

Peer review information Nature Food thanks Nancy Harris,  
Nguyen Hoang and the other, anonymous, reviewer(s) for their 
contribution to the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2026

http://www.nature.com/natfood
https://mapbiomas-br-site.s3.amazonaws.com/ATBD_Collection_7_v2.pdf
https://mapbiomas-br-site.s3.amazonaws.com/ATBD_Collection_7_v2.pdf
https://www.ipcc.ch/report/2006-ipcc-guidelines-for-national-greenhouse-gas-inventories/
https://www.ipcc.ch/report/2006-ipcc-guidelines-for-national-greenhouse-gas-inventories/
https://www.wetlands.org/publications/emission-factors-for-managed-peat-soils-an-analysis-of-ipcc-default-values/
https://www.wetlands.org/publications/emission-factors-for-managed-peat-soils-an-analysis-of-ipcc-default-values/
https://www.wetlands.org/publications/emission-factors-for-managed-peat-soils-an-analysis-of-ipcc-default-values/
https://doi.org/10.5281/zenodo.13624636
https://doi.org/10.5281/zenodo.10633818
https://www.globalforestwatch.org/dashboards/global/
https://www.globalforestwatch.org/dashboards/global/
https://www.glp.earth
https://www.glp.earth
https://www.deforestationfootprint.earth
https://www.deforestationfootprint.earth
https://doi.org/10.1038/s43016-026-01305-4
https://doi.org/10.1038/s43016-026-01305-4
https://doi.org/10.1038/s43016-026-01305-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Nature Food

Article https://doi.org/10.1038/s43016-026-01305-4

Extended Data Fig. 1 | Framework for the Deforestation Driver and Carbon 
Emission (DeDuCE) model. This framework consists of three key components: 
deforestation attribution (spatial and statistical), carbon emission calculation, 
and quality assessment. In the first step, we utilise remote sensing and (sub-) 
national agricultural statistics to determine what portion of the total annual 
tree cover loss is attributable to specific commodities. From this, we next 

calculate carbon emissions linked to commodity-driven deforestation, including 
emissions from peatland drainage on deforested lands. Finally, we evaluate the 
reliability of our deforestation estimates by assessing the quality of the input 
data used in our analysis. A detailed description of the datasets used in this model 
is provided in Supplementary Table 2.
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Extended Data Fig. 2 | Global supply chain’s exposure to deforestation 
(aggregated for 2018–2022). (a) This figure illustrates the deforestation 
embodied in the trade of agricultural commodities worldwide, with exporter 
countries represented by red circles and importer countries by blue circles. 
The lines connecting these countries indicate the trade networks and the width 
of these lines highlights the extent of deforestation embodied in those trades. 
Minor trade flows, that is, less than 2% of the maximum deforestation embodied 

in trade, are not shown for clarity. (b) The figure focuses on the EU’s supply 
chain, showing deforestation embodied in both domestic consumption and 
trade. It quantifies the exposure of EU countries and their associated producer 
(or exporter) countries to agricultural commodities. To assess deforestation 
embodied in trade, we use DeDuCE’s deforestation estimates averaged over 
2018–2022 with a physical trade model68 (see data availability), following the 
methodology outlined in ref.49.
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