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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 MtCO,:

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

@

plant carbon stocks of

replacing commodity

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 resolution®) ontoidentified forest
loss, weisolate peatland deforestation linked to specific commodities
and land-uses post-2000 (Extended Data Fig. 1). In the presence of
spatial commodity data, overlapping peatland deforestationis directly
attributed to the corresponding commodity. Intheir absence, however,
weevenly allocate deforested peatland areas amongallidentified com-
modities expansions withinacountry (similar to statistical attribution).

To estimate the emissions from peatland drainage, we use emis-
sion factors reported by published literature (often represented in
MgCO, ha™yr™). These factors are informed by subsidence observa-
tions and standardized rates of peat oxidation, providing a scientifi-
cally grounded approach to these emission factor calculations®*.
Based on previous meta-analyses of peatland emission factors®>
(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 s, tropical, temperate and boreal), which
allowsustoapply these factors to specific drainage conditions for differ-
entbiomes. We multiply these emission factors with peatland drainage
area (resultexpressed in MgCO, yr™). 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 MgCO, every year until 2022.

In addition to providing annual (that is, unamortized) deforesta-
tionand carbon emission estimates for country-commaodity pairings,
we also present amortized estimates (excluding peatland drainage
emissions). Foramortization, we distribute these estimates evenly over
a5-year period. Thisamortization aligns the temporal scale of deforesta-
tion’simpactwith the timeframe of agricultural production, offeringa
morenuanced understanding of thelong-term environmental footprint
of crop cultivation and forestry activities®** (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-
tionestimates aggregated for each country-commodity pairing (Fig. 5
and Extended DataFig.1). To this end, we developed anIQl designed to
reflect therelative confidence in each deforestation estimate. Combin-
ing multiple criteria, it measures how much the input data deviatesin
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. Forestloss or deforestation (FL,;,) attributed to a specific com-
modity (i) in a specific region and year ().

2. Overallaccuracy (OA)) 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, FL;; represents the con-
tributions from each input data source (j) to the deforestation
estimates attributed to a specific commodity (i).

3. Score;, ametric developed by us to normalize OA;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
eachinput 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 toindividual countries. Temporally, annual
datasets from2001to 2022 for herbaceous crops, and comprehensive
datafrom2000 or earlier for tree crops and forest plantationsreceive
thetopscore. For tree crops and forest plantations, datafrom 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 criteriaare givenin 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 (IQl)). 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, itiscrucialtoreflect thereliability 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 Table12)—we incorporate theminto our quality assess-
ment framework. We achieve this by multiplying the overall accuracy
of the spatial land-use dataset (OA;; Supplementary Table 6) with the
agricultural statistics quality flags (equation (2); and see discussionin
Supplementary Information, Calculation of Integrated Quality Index
(IQD). 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 Table12).

n
Ej:l (FL;; x OA; x Scorej)t

QL = i ,
1
OA; if only spatial commodity
datasets contribute to
OA; = deforestation attribution

OAj « (Flag]anduse +2F|agproduction

) otherwise

2
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In the DeDuCE model’s two-step land-balance approach, we use two
agricultural statistics. Here, Flag,,q use and Flag,,oauciion r€present the
quality of land-use and commodity production data, respectively. It
isimportant to note that the IBGE dataset for Brazil does not provide
flags for commodity production (Flag,,,qucion)- Thus, we assignavalue
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 IQl indicates greater confidence that a
data pointapproximates 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-1Ql estimates may still diverge from
reference data, whereas low-1Ql 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
Zenodoviahttps://doi.org/10.5281/zenod0.10633818 (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, areavailable at GitHub: https://github.com/chandrakant6492/
DeDuCE.
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Extended Data Fig. 1| Framework for the Deforestation Driver and Carbon calculate carbon emissions linked to commodity-driven deforestation, including
Emission (DeDuCE) model. This framework consists of three key components: emissions from peatland drainage on deforested lands. Finally, we evaluate the
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tree cover loss is attributable to specific commodities. From this, we next
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intrade, are not shown for clarity. (b) The figure focuses on the EU’s supply
chain, showing deforestation embodied in both domestic consumptionand
trade. It quantifies the exposure of EU countries and their associated producer
(or exporter) countries to agricultural commodities. To assess deforestation
embodied intrade, we use DeDuCE’s deforestation estimates averaged over
2018-2022 with a physical trade model®® (see data availability), following the
methodology outlined in ref.49.
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sample.
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Asia). Commodity groups were aggregated according to the FAO CPC classification (https://unstats.un.org/unsd/classifications/
Family/Detail/1074).
This grouping was done solely for the purpose of reporting our results in the manuscript, and no additional sampling strategy was
applied.

Data collection We employed the best available datasets that have been published, quantifying commodities, land use/cover, and the dominant
drivers of forest loss, with data available at least on a country scale.

Timing and spatial scale ' The analysis was conducted annually from 2001 to 2022, with the final results aggregated at the national level (and at the sub-
national level for Brazil).

Data exclusions No data were excluded from this study.
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