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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.
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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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