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Abstract

Rapid agriculture-driven deforestation raises significant concerns about achieving climate and
biodiversity targets. Linking deforestation to food production is crucial for guiding the development,
implementation, and evaluation of forest conservation and climate change mitigation efforts.
However, the limited scope and comprehensiveness of available datasets restrict the effectiveness
of these efforts. Recognising this, we present the Deforestation Driver and Carbon Emission
(DeDuUCE) model, merging the best available spatial and statistical datasets to enhance the
quantification of deforestation due to the production of agriculture and forestry commodities.
DeDuCE reports 9,332 unique country-commodity deforestation-carbon footprints across 179
countries and 184 commodities from 2001-2022, surpassing existing databases in scope and detail.
The model provides critical data for public and private sector actors assessing deforestation risks,
evaluating the sustainability of investments, and reporting food sector carbon emissions. Notably,
our deforestation emissions constitute nearly half of previously reported emissions from land-use
activities within global food systems. Moreover, global efforts to curb deforestation are inadequately
focused on staple crops, which are also significant drivers of deforestation.
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1. Introduction

Food is a necessity for human survival. However, meeting the demand of an ever-growing
global population has led to extensive deforestation, with over 90% of global deforestation linked to
agriculture2, 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. A recent
Food and Agriculture Organization (FAO) report! suggests that over the past three decades, the
world has lost forests more than the size of India®**. Consequently, deforestation is estimated to be
the largest driver of biodiversity loss on land®, contributing nearly one-tenth of total anthropogenic
greenhouse gas (GHG) emissions®’, with agricultural deforestation and other land-use activities
accounting for one-third of total food system emissions®. These impacts from global food production
raise alarming concerns about future food security, as well as the suitability and sustainability of our
living environments®*,

Recognising these impacts, local governments, companies and civil societies have pushed for
forest conservation and climate change mitigation initiatives such as the Reducing Emissions from
Deforestation and forest Degradation'? (REDD+), the New York Declaration on Forests!, and
corporate Zero Deforestation Commitments!®. These initiatives aim to engage public and private
sectors in combating deforestation, incentivising conservation and promoting deforestation-free
supply chains. Notably, the recently adopted European Union Deforestation Regulation (EUDR)’
mandates companies to conduct due diligence reporting to ensure the EU’s supply chains are free
from imported deforestation.

A key to the successful implementation and evaluation of these policy initiatives is the ability
to comprehensively monitor agricultural deforestation and its climate impact®. However, while
spatial datasets linking food production to deforestation exist for some commodities, they are often
geographically limited and do not provide a comprehensive view of global food system impacts®8,
Conversely, national and sub-national agricultural statistics offer extensive coverage of commodity
production but lack the spatial precision required for linking food systems to deforestation®®. As a
result, traditional deforestation attribution models have primarily been bookkeeping models®1>%,
with limited integration of remote sensing datasets'®?122, This limited use of remotely sensed data
can primarily be attributed to computational challenges in handling and processing large data
volumes?. Consequently, datasets that do integrate remote sensing often lack ongoing updates or
refinements post-publication and tend to aggregate data over lengthy periods'®?2224 diminishing
their relevance over time.

With the growing trend among organisations to adopt more advanced and innovative
methods for forest resource assessments®25, shifting the paradigm from traditional statistical
methods requires the integration of remote sensing datasets and the utilisation of powerful cloud-
computing resources?’. 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
Emission (DeDuCE) model, which, leveraging the computational power of Google Earth Engine (GEE),
melds the spatio-temporal precision of best available remote sensing data and comprehensiveness
of agricultural statistics. The model tracks deforestation and associated carbon emissions, and links
them with the production of agriculture and forestry commodities globally.

2. State-of-the-art of the model

The DeDuCE model provides annual estimates of deforestation and associated carbon
emissions due to the production of agriculture and forestry commodities. Covering 179 countries
and 184 commodities between 2001 and 2022, the model delivers 9,332 unique deforestation-
carbon footprint estimations (Supplementary Tables 1 and 2). The model achieves this
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comprehensive deforestation attribution by overlaying global spatio-temporal data of tree cover
loss?® with best-available datasets on crops, land uses, dominant deforestation drivers®, and state of
forest management (Extended Data Fig. 1 and Supplementary Table 3). Each tree cover loss pixel is
linked to the most detailed information available about the direct land-use change (dLUC)*?*° (i.e., a
specific commodity or land use).

In cases where deforestation is not spatially attributed to a specific commodity, the model
uses agricultural statistics (at the national and sub-national level*?!) to identify the likely or potential
driver of deforestation (reflecting statistical land-use change (sLUC), which is a measure of
deforestation risk) through a two-step statistical land-balance approach® (Supplementary Fig. 1).
Through this, the model accounts for key land-use change dynamics, such as competition between
cropland, pasture, and other land uses, as well as cropland and pasture abandonment. These factors
are crucial for attributing deforestation to agricultural commodity production but are poorly
captured in existing life-cycle inventory databases®’. Additionally, carbon emissions associated with
deforestation are estimated by overlaying identified deforestation drivers with data on forest** and
s0il** carbon stocks, including emissions from peatland® drainage (Extended Data Fig. 1).

By combining GEE’s computational capabilities to process terabytes of high-resolution
spatio-temporal data with Python’s open-source programming for deforestation-emission
accounting, we align with FAIR data principles®, striving to promote accessibility, integrity and
transparency. This integration also ensures replicability of model results, while fostering community
engagement, inviting researchers and stakeholders to contribute and refine the model. Such
engagements are especially crucial as growing food demand greatly influences regional and remote
landscapes owing to different environmental, technological, regulatory and socio-economic
factors®’ 0,

Presently, the lack of clear, mandatory guidelines on data and methodologies for
deforestation-emission accounting*** leads to inconsistent practices across organisations. The
DeDuCE model addresses this by providing a homogeneous framework for attributing commodity-
driven deforestation and estimating carbon emissions globally. Compared to other models or
datasets (Supplementary Table 4), DeDuCE offers better spatio-temporal resolution and
representation across biomes, land uses, and commodities, while accounting for all possible sources
of carbon emissions. This uniformity allows for consistent comparison of deforestation-carbon
footprints between countries, reducing discrepancies arising from differences in the inputs and
methodological assumptions across regional or national-scale assessments.

Furthermore, the model's versatility allows for the inclusion of diverse datasets
(Supplementary Table 3) and is designed to integrate emerging datasets, ensuring its relevance and
adaptability over time. It allows for adjusting parameters such as tree cover density for forest
classification, lag periods between forest clearing and agricultural land establishment, control over
attribution methodology, and amortisation periods, as per the required use case (Table 1). Through
quality assessment (Extended Data Fig. 1), the model quantifies the reliability of deforestation
estimates, highlighting countries and commodities that require better data representation. This
enhances the model's utility as a tool for supporting global sustainability and conservation efforts.
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Fig. 1 | Assessing deforestation from global tree cover loss estimates (2001-2022). (a) The nested
circles provide an insight into 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
2001-2022%; tree cover density > 25%). Forest loss, which includes deforestation and forest
degradation, captures the loss of natural forests by excluding loss on managed or degraded lands
established before the year 2000 (e.g., rotational clearing on forest plantations or loss of sparse
growth on degraded land systems). Within this, losses due to forest fires are indicated with hatch
patterns. Additionally, the scope of deforestation driven by agriculture and forestry activities
extends to include the instances where deforestation is directly linked to the production of
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 land balance approach (Extended Data Fig. 1). Possible mechanisms where deforestation
does not lead to the production of commodities are explored in ref.2. The size of the circles in the
diagram is proportional to their respective shares in the total area of tree cover loss. To offer a
comparative insight into deforestation dynamics across different biomes, we have also separated
our analysis for (b) tropical and (c) non-tropical countries. The design of the figure is inspired by ref.2.

3. Global overview of deforestation and carbon emissions

The DeDuCE model suggests that of the 471 million hectares (Mha) of global tree cover loss
observed from 2001 to 2022, only 26% is driven by expanding croplands, pastures, and forest
plantations for commodity production (5.5+0.8 Mha yrl; Fig. 1a). This estimate is considerably
smaller than FAO’s® reported range of 7-13 Mha yr?! (Fig. 2a). In comparison, Curtis et al.?#*3
estimate that 44-76% of global tree cover loss is attributed to agriculture and forestry activities. This
discrepancy occurs because Curtis et al.?* overlook spatio-temporal heterogeneity — by attributing
only the dominant forest loss driver over the whole timeframe — and finer land-use change dynamics
(e.g., 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 expanding agricultural land and forest plantations,
compared to just 10% in non-tropical countries (Fig. 1b,c).

Compared to prior assessments?, DeDuCE presents a lower overall estimate of deforestation
due to agriculture and forestry activities, yet it shows marginally higher figures for deforestation
leading to production (Fig. 1b). Notably, Pendrill et al.? estimated that as much as a third to half of
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149 agriculture-driven deforestation did not result in any identifiable agricultural production. In contrast,
150  our analysis puts this number much lower, at just over a fifth (25 Mha from a total of 118 Mha
151  agricultural-driven deforestation; Fig. 1b). This improved understanding about the role of food
152 production in driving deforestation is due to our use of high-resolution agricultural land-use maps,
153 reducing reliance on coarse dominant forest-loss driver data and poor-quality agricultural statistics.
154  Additionally, our integration of forest fire data’*® and the sequential attribution framework of
155 DeDuCE model (i.e., attributing forest loss pixels to agricultural land use before attributing forest loss
156 to fire; see Methods) enables us to distinguish wildfires, often propagating in grass-dominated
157 natural and semi-natural landscapes®, from fires used to clear land for agricultural expansion. The
158  remaining discrepancies between agriculture-driven deforestation and productive use of the cleared
159 land in the tropics—which still are substantial—likely reflect challenges in land tenure clarity and
160 disputes®. For instance, speculative clearing anticipating future agricultural returns, planned
161 infrastructural developments, uncertain future forest conservation legislations and availability of
162 large expanses of undesignated public lands may fail to evolve into productive agricultural or
163  forestry ventures®®*’,

164 We estimate nearly 41.2 GtCO, emissions from commodity-driven deforestation globally
165 from 2001-2022 (1.9+0.3 GtCO; yr!). Additionally, emissions from peatland drainage on deforested
166  lands contribute to approximately 2.9 GtCO, (0.13+0.08 GtCO, yr?; Fig. 2b and 3), accounting for
167 about 7% of global annual peatland drainage emissions*®. Our carbon emission estimates are
168 substantially lower than previously reported (Fig. 2b), except for Pendrill et al.**, who only cover the
169  tropics. Crippa et al.?, using FAOSTAT data!, estimate agricultural land-use emissions (including
170  those from deforestation) at 4.3+0.3 GtCO, yr', which is twice our estimate (excluding deforestation
171  emissions from forestry activities from Fig. 2b; Supplementary Table 2). Since forests hold the
172 majority of carbon stocks, other agricultural land-use changes, excluding deforestation, are unlikely
173  to account for the remaining land-use change emissions. The likely reason for this discrepancy is that
174  Crippa et al.® estimates do not utilise spatial information on deforestation, agricultural land use or
175 carbon stocks, but simply assume that 80% of all deforestation is due to agricultural land-use
176 change. This underscores the value of utilising remote sensing-based data for assessing agriculture-
177  driven deforestation.
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180  Fig. 2 | Comparing different commodity-driven deforestation and carbon emission estimates. A
181 comparison between our (a) deforestation and (b) associated carbon emission estimates with those
182 from established literature sources. The comparison includes estimates from Pendrill et al.*
183 (covering only tropical counties), Goldman et al.X® (covering only EUDR commodities), Hoang et al.Z,
184  Crippa et al.® (including all food production-driven land use activities), Feng et al.?? (accounting for
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tree cover loss due to agriculture- and forestry-activities across the tropics), Hansen et al.?® (tree
cover > 25%), Global Forest Watch® (tree cover > 25%; including tree cover loss due to commodity-
driven deforestation, shifting agriculture and forestry from Curtis et al.?*), and FAQ’s global forest
resource assessment report (FAO-FRA)3. A brief summary of the studies and datasets used for this

comparison can be found in Supplementary Table 4.
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Fig. 3 | Global overview of deforestation and carbon emissions (2001-2022). Deforestation is
attributed to agriculture and forestry commodities and corresponding carbon emissions globally,
categorised by (a) geographical regions and (b) commodity groups. In the concentric rings, the outer
ring depicts the proportional deforestation by area, while the inner ring shows carbon emissions.
Emissions from peatland drainage are presented separately. Central insets mention total
deforestation (in million ha) and carbon emissions (in GtCO;), with selected major deforestation
contributors and commodities accentuated along the periphery of the concentric circles. All values
represent the total sum of deforestation and carbon emission estimates from 2001 to 2022. The
contribution of commodities, broken down by geographical regions, is illustrated in Supplementary
Fig. 2.

Our analysis also reveals an uneven distribution of both deforestation and the resulting
carbon emissions across regions and commodities (Fig. 3): South America leads in both, with
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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, deforestation in Southeast Asia alone is responsible for nearly
84% of global peatland drainage emissions (Fig. 3a). Still, two countries outside the tropics — 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, though not in carbon
emissions (Fig. 3a). We suspect that the lower 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 mask®?, likely leading to their underestimation
in our estimates.

In terms of specific commodity groups, deforestation driven by pasture expansion (primarily
for cattle meat production) represents about 42% of total deforestation and 52% of the carbon
emissions (Fig. 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, primarily in Southeast Asia, alone accounts for
nearly 55% of peatland emissions (Fig. 3b and 4). Other significant contributors to deforestation
include forest plantations (14%), stimulant and aromatic crops (3%, largely driven by cocoa beans
and coffee cultivation), and fibre crops (2%, mostly rubber) (Fig. 3b).

While these commodities are included in the EUDRY 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 (e.g., oil palm in Southeast Asia, soybeans in South America), the deforestation
hotspots for staple crops are globally distributed (Fig. 4). Moreover, given that nearly half of the
global average human diet consists of staple commodities®?, and their cultivation is expected to
increase to feed the growing population®, incorporating staple crops into deforestation monitoring
and regulatory frameworks will be vital for curbing global deforestation, promoting sustainable
agricultural supply chain and ensuring future food security.

When comparing our estimates for major deforestation-risk agricultural commodities with
other datasets (Supplementary Fig. 3), we find that while trends for certain commodities, such as
cocoa beans in Cote d’lvoire and Ghana, oil palm in Indonesia, and pasture in Brazil, are consistent
across different datasets, significant differences arise for other major forest-risk commodities. While
these discrepancies are less pronounced at the global or pan-tropical level, they become quite stark
at the individual country-commodity level (Supplementary Fig. 3). Depending on the use case—such
as assessing the deforestation footprint of production or imports—the choice of dataset can
substantially impact a country’s forest conservation and carbon emission reduction targets.
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Fig. 4 | Hotspots of major deforestation-risk commodities (aggregated for 2018-2022). This figure
illustrates the spatial distribution of deforestation-risk commodities regulated under the European
Union Deforestation Regulation (EUDR), along with major staple crops. In this figure, the
deforestation estimates are averaged over the recent five years (2018-2022) and represented in ha
yrl. The quality index for these commodities is detailed in Supplementary Fig. 4. Deforestation-risk
hotspots for the commodities (shown above) in Brazil at the municipality-level are illustrated in
Supplementary Fig. 5.
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Fig. 5 | Evaluating the quality of commodity-driven deforestation estimates (2001-2022). (a) The
ranked line plot visualises the quality index score of all deforestation estimates for different country-
commodity pairs, arranged from the lowest quality index score (on the left) to the highest (on the
right) between 2001-2022. The insets (in a) provide insights into the dominant data types and their
level of explicitness, which contribute to the respective quality index rankings. The 95% confidence
interval in the temporal quality index subplot (in a) represents the 2.5 and 97.5" percentiles of the
quality index 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 quality index. These top 50 country-commodity pairs account for
approximately 70% of global deforestation.
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4. Quality assessment and potential for model improvement

The Quality Index, which is based on the spatio-temporal granularity and the explicitness of
the spatial and statistical datasets used as model inputs, indicates the quality or reliability of the
resulting deforestation estimates (see ‘Quality assessment’ in Methods). Only 12-15% of attributed
deforestation in DeDuCE is derived from spatial commodity-specific datasets, representing dLUC
(Quality Index = 0.6; Fig. 5a). In contrast, 30-35% of the attribution uses broad spatial land-use
information (e.g., the extent of pastures), mainly attributing deforestation to cattle meat and forest
plantations (dLUC; 0.6 > Quality Index = 0.55). The remaining 50-58% blends spatial and statistical
datasets, where the resulting estimates should be interpreted as a measure of deforestation risk
(sLUC; Quality Index < 0.55) (Fig. 5a). In this case, deforestation estimates derived from officially
reported agricultural statistics (including sub-national 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 Tables 1-3). Thus, we must target
areas where enhancements will significantly boost the quality of deforestation estimates. Examining
the quality index 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 quality index scores. This is likely due to
the challenge of mapping pastures and forest plantations, as 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 significant deforestation associated with these
commodities (Fig. 5b). Furthermore, due to poor-quality spatial data and agricultural statistics,
African countries show consistently lower-quality deforestation estimates, which include
commodities such as cassava, maize, rice, beans, and cocoa (Fig. 5b).

Consequently, global deforestation attribution could be significantly improved by
incorporating global maps of (i) pastures, (ii) forest plantations, and (iii) cereals (primarily for maize
and rice), as well as (iv) improving spatial representation of agricultural commodities contributing to
deforestation in Africa (particularly in DR Congo and Nigeria). Existing initiatives like Global Pasture
Watch®, the Spatial Database of Planted Trees® (SDPT), the WorldCereal database®®, and the Global
Subnational Agricultural Production®” (GSAP) database could provide critical data to help close these
gaps in the near future.

5. Influence of modelling assumptions on deforestation and carbon emission
estimates

To assess the robustness of the DeDuCE model, we examined the sensitivity of deforestation
and carbon emission estimates to various modelling 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 change?® (GFC) data only (similar to ref.*) or together with
data on dominant forest loss drivers?* (similar to refs.?%?2), In these cases, deforestation and carbon
emission estimates were inflated by 40-85% compared to our current estimates (Table 1), explaining
the discrepancy with Crippa et al.8. This inflation occurs because these attribution methodologies use
poor-quality data that overlook spatio-temporal heterogeneities.

Another significant source of uncertainty regards forest and deforestation 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
map>® resulted in a 12% reduction in deforestation estimates. Although this map closely aligns with
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FAQ’s forest definition® and excludes agriculture and forest plantations — despite its flaws® — its
2020 base year makes it unsuitable for our 2001-2022 deforestation attribution. Comparing our
results with JRC’s tropical moist forest (TMF) deforestation data®®®! led to a nearly 30% reduction in
estimates. The core reason lies in methodological differences: 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®?. Additionally, JRC TMF deforestation does not account for the
loss of dry forests, making its deforestation estimates more conservative.

Another parameter significantly influencing model estimates is the period between forest loss
detection and agricultural land establishment 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 cropping (i.e., multiple
harvesting cycles on the same land). Analysing results for Brazil, we found that not accounting for
multi-cropping increased deforestation estimates by about 20-50% for commodities with larger
harvested areas (e.g., maize, beans; potentially due to proportional commodity attribution in
Supplementary equations (9)-(12)) while reducing estimates for those with lower harvested areas
(e.g., groundnuts) (Table 1). Despite 12-20% of global croplands being multi-cropped®, assessing
their dynamics on a global scale remains challenging due to the lack of appropriate data that
captures the multiple harvest cycles of globally diverse crop combinations.

Table 1 | Sensitivity of deforestation and carbon emission estimates to modelling parameters. 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 made
available on Zenodo (see Data availability).

% Change from reference

Broad category Sensitivity control Deforestation Carbon
Emissions
e >10% 6.59 1.42
Tree cover density > 75% 5993 1097
Forest and JRC Global forest cover 20208 -11.15 -39.72
deforestation (only compared with estimates from 2020-2022)
JRC TMF Deforestation®6? -28.17 -18.84
(only compared for TMF countries)
All plantations from All commodities -0.03 <0.01
Forest plantation SDPT*® established before  Only forest -0.17 -0.41
the year 2000 plantations
Spatial lag period 1year -9.95 -8.97
(only compared for 5 years 4.25 3.82
Lag period MapBiomas countries)
L. . 1 year -0.72 -0.84
Statistical lag period 5 years 0.09 0.54
Partial statistical All commodities- 40.53 39.48
attribution (only using Global
Global forest change?®, Oil palm-Indonesia 19.72 38.82
dominant driver of forest  Cocoa-Céte d’Ivoire -29.21 -42.56
Inclusion of spatial loss** dataset and Soya beans-Brazil 234.81 373.56
datasets agricultural statistics3?)
Full statistical attribution  All commodities- 86.00 73.12
(only using Global forest Global
change?® dataset and Oil palm-Indonesia 20.27 36.19
agricultural statistics®?) Cocoa-Céte d’Ivoire -28.87 -42.16
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Soya beans-Brazil 151.83 246.03
Croplands do not expand over pastures first, 0.22 0.31
directly forests
Net agricultural expansion -7.63 -9.20
Land-use expansion All statistical land-use attribution restricted by -1.23 -1.65
FAOSTAT
All statistical land-use attribution not restricted by 20.78 28.08
FAOSTAT
Agriculture statistics  National-level agricultural statistics 0.12 0.10
(only for Brazil)
. Maize 35.38 35.83
Multiple cropping :::\;Z:g;r;?gag ::)Orr;he Beans 19.56 29.11
(only for Brazil) . . Potatoes 47.63 39.65
multiple cropping
Groundnuts -7.13 -9.16
Amortisation period 10 years -0.58 -1.13
(compared with 15 years 1.68 2.24
amortised estimates 20 years -0.33 1.01
of year 2020)

6. Discussion

The DeDuCE model reinforces that food systems are the primary driver of deforestation (Fig.
1 and 3) and a major source of global carbon emissions®. The data produced by the model can serve
as a strong evidence base for developing national GHG inventories®, reporting standards®’, targeted
policies'?, and regulatory frameworks?®. Such guidance is crucial for private and public sector
organisations to manage and adapt their operations and value chains in line with global
sustainability targets®.

The importance of developing food system emission inventories was highlighted at COP 28,
where nations were urged to integrate agriculture and food systems into their national climate and
biodiversity plans®. 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 (NDCs) by 2025.
Shifting from broad-stroke assessments® to detailed, commodity-specific deforestation and carbon
emission estimates will help identify priority areas for targeted actions. Furthermore, globally
consistent food system emission estimates are crucial for coordinating global action and aligning
conservation and mitigation strategies®’.

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)?°, 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 products, companies
should use the best and most complete data available per commodity and region, trailing back 20
years, to comprehensively assess their present emissions®>—a requirement for which the DeDuCE
data is highly suited. This also applies to financial institutions, which are increasingly called upon to
evaluate the sustainability of their investments®®.

The estimates from the DeDuCE model can also support assessments of the environmental
footprint of food consumption and the deforestation exposure of global supply chains. Combining
our deforestation estimates with a physical trade model® (see 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 EU, the United States, India, and Japan are major importers (Extended Data Fig. 2a).
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Furthermore, the EU, 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—set to launch by the end of 2024'>—requires food system actors to establish due
diligence systems that mitigate deforestation risks within supply chains’®. 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 production®®. However, unclear
thresholds for classifying deforestation-risk benchmarks®® due to the lack of global-scale spatio-
temporal deforestation data have posed significant challenges for implementing the EUDR>®. We
believe that the commodity-driven deforestation estimates provided by the DeDuCE model can offer
essential input for EUDR risk benchmarking.

While the EUDR aims to promote sustainable land-use practices, many exporter countries
have expressed concerns about its implications on trade due to their economic priorities, legal
frameworks, and the additional costs required to develop enforcement capabilities’>’2. These factors
can, in turn, increase the potential for leakages to non-EU markets’® (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 climate change mitigation efforts.

7. Methods

The DeDuCE model leverages a comprehensive array of spatial datasets and agricultural
statistics to quantify deforestation and the associated carbon emissions from agricultural and
forestry activities. The modelling framework involves three primary steps (Extended Data Fig. 1): (i)
Deforestation attribution, categorised into spatial and statistical attribution, pinpoints the locations
(wherever possible) and extent of forest loss attributable to the production of agriculture and
forestry commodities. By superimposing multiple datasets on tree cover loss pixels, each with
varying degrees of scope and detail, we aim to capture the most comprehensive information
possible regarding the drivers of forest loss. (ii) Carbon emissions calculation assesses the carbon
emissions generated from deforestation linked to production of agriculture and forestry
commodities, including emissions from deforestation over peatlands (through peatland drainage).
(iii) Quality assessment or flagging scrutinises the reliability of our deforestation estimates by
examining the quality of the input data and its contribution to model’s estimates (Extended Data Fig.
1).

The model generates annual deforestation and carbon emission estimates, along with a
quality index for each country-commodity pairing at the national level (and sub-national level for
Brazil), adhering to the administrative boundaries defined by the Database of Global Administrative
Areas (GADM) version 4.174. Detailed information on the datasets used in this model is presented in
Supplementary Table 3.

7.1 Deforestation attribution

Spatial attribution directly utilises a wealth of remote sensing data to allocate tree cover loss
to either specific commodities (e.g., soybeans or oil palms), specific land uses (e.g., croplands,
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pastures, forest plantations, or mixed land-use mosaics), or broad deforestation drivers (e.g.,
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 employ
statistical attribution using agricultural and forestry statistics to attribute deforestation to specific
commodities (Supplementary Fig. 1). Presently, the model cannot attribute deforestation to
commodities for which we don’t have any spatial and statistical data available. However, building on
existing datasets help provide an internally consistent picture of deforestation drivers globally®°,

7.1.1 Spatial attribution

We begin by defining forest and deforestation. Forests are composed of trees established
through natural regeneration®. The conversion of these natural forests to other land uses is referred
to as deforestation®. This definition excludes forest plantations, which are intensively managed for
wood, fiber, and energy?. To delineate these categories, we use the global forest change dataset?® as
a foundational layer (Extended Data Fig. 1). This dataset defines tree cover based on the presence of
woody vegetation exceeding 5m in height, with tree cover loss representing the replacement of
woody vegetation within each 30m pixel. Recognising that not all woody vegetation constitutes
natural forest, we adopt a tree cover density threshold of >25% per pixel”> and apply a global forest
plantation mask (Supplementary Fig. 6; see ‘Forest plantation mask’ discussion in Supplementary
Methods) to distinguish natural forests from managed forests (i.e., natural forest loss from
rotational clearing of forest plantations). Pixels not meeting this natural forest criterion are excluded
from further assessments. While we apply this 225% tree cover density threshold, our DeDuCE
model is designed with the flexibility to adjust this threshold to suit varying definitions of forest and
deforestation (Table 1).

To assess the contribution of agricultural and forestry activities to annual deforestation, we
overlay different land-use products that demarcate cropland’®, forest plantation’” and pasture
extents’®, crop commodities such as soybeans'® and cocoa’ on an annual tree cover loss layer®
spanning from 2001 to 2022 (Extended Data Fig. 1 and Supplementary Table 3; see ‘Processing
temporally explicit and temporally aggregated datasets’ discussion in Supplementary Methods).
Through this, we gain insights into (i) whether a given pixel of forest loss constitutes deforestation
and (ii) what was the proximate cause of that deforestation (Extended Data Fig. 1).

To ensure a coherent integration of this data, we employ 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 (i.e.,, explicitness)
(Supplementary Table 6). Further particulars of this scoring system are delineated in the 'Quality
assessment' subsection below, but for each forest loss pixel, we prioritise the most detailed
information on the direct cause of forest loss. This means that we prioritise 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 spatio-temporal 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 equilibrium, particularly in boreal regions. We systematically
remove fire-related forest loss from our deforestation attribution, using spatio-temporal data** that
identifies such events. Additionally, for regions not captured by the commodity and land-use
datasets listed in Supplementary Table 3, we employ a global dataset by Curtis et al.?* 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 the year
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2000; Supplementary Fig. 6). All preprocessing methodologies applied to these spatial datasets are
detailed in Supplementary Table 7.

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

7.1.2  Statistical attribution

Despite spatial attribution, considerable deforestation remains unclassified to specific
commodities. This occurs for three main reasons: (i) when we have specific land-use information
indicating the cause of deforestation is either a cropland, pasture or forest plantation; (ii) the
presence of land-use mosaics, specifically the MapBiomas’® dataset, which identifies pixels as a
cropland and pasture mosaic when the algorithm cannot distinctly separate the two, or the Curtis et
al.?* dataset, which determines the primary driver of forest loss aggregated over a 22-year period; or
(iii) instances where forest loss is not linked to any specific commodity or land-use by the existing
spatial datasets (Supplementary Table 3). To address the ambiguity in the latter two cases and
attribute forest loss to a specific commodity, we follow a two-step statistical land-balance approach
(Supplementary Fig. 1).

In this two-step statistical attribution (Supplementary Fig. 1), we first attribute deforestation
(from the latter two cases) to either cropland, pasture, or forest plantations. This method utilises
annual land use data from FAOSTAT®! 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; see ‘Statistical land-use attribution’ discussion in Supplementary Methods).
Building on these land-use expansions, we further attribute cropland-driven deforestation to various
crop commodities according to their respective increases in harvested area (again using FAOSTAT3;
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 information. A detailed description about the ‘Statistical
commodity attribution’ is presented in Supplementary Methods.

7.2 Carbon emissions calculation

To calculate carbon emissions, excluding those from peatland drainage, we assess changes in
carbon stocks due to forest loss. Our analysis concentrates on five key stocks: aboveground biomass
(AGB), belowground biomass (BGB), dead wood, litter and soil organic carbon (SOC) (Extended Data
Fig. 1). Notably, belowground biomass and soil organic carbon losses are typically delayed responses
to aboveground disturbances?2. However, for the purpose of our analysis, these losses are treated as
if they are an inevitable consequence of the deforestation, often referred to as ‘one-off’ or
‘committed’ losses. Essentially, it implies that once a region is deforested, the belowground carbon
and associated SOC is also considered lost, even though it might happen slowly over time.

AGB per pixel (in Mg px?) is derived from the aboveground live biomass density data for year
2000 at 30-m resolution®. Based on this spatial AGB map and a 1-km resolution map of root-to-
shoot biomass ratio®’, we estimate BGB. Deadwood and litter biomass densities are also spatially
calculated as proportions of AGB, informed by biome-specific lookup tables that factor in elevation
and precipitation (lookup table in ref.3®) (Supplementary Table 3). These biomass densities are
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converted to carbon densities (i.e., MgC px!) using a standard biomass-to-carbon conversion ratio of
0.47 for forest ecosystems, as recommended by the IPCC8.

We commence by calculating the committed carbon emissions from AGB, BGB, dead wood,
and litter. 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 forest loss associated with that
commodity’s land-use (carbon emissions are also partitioned and aggregated using the same logic as
commodity attribution; see Supplementary Methods). Hence, if maize's statistically attributed forest
loss accounts for 50% of all forest loss from croplands, maize would also bear 50% of the total
(statistical) carbon emissions attributed to (statistical) cropland expansions.

Soil organic carbon (SOC) stock data is obtained from the SoilGrids2.0 dataset®, which
provides SOC stocks at varying depths at 250-m resolution (in MgC ha). For our purposes, we
consider SOC within the top 100cm of soil, the layer most affected by land-use changes, and upscale
this data to a 30-m resolution (estimates expressed in MgC px2). 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 the emission from SOC loss as a
fraction of the existing SOC stocks for different replacing land use and biome of deforestation
(Supplementary Table 8). These emissions from SOC losses are then added to the carbon emissions
calculated from AGB, BGB, deadwood and litter, culminating in a comprehensive gross carbon
emission estimate (equation (1)).

From the emissions outlined above, we deduct the committed carbon sequestration
potential of the replacing commodity (e.g., carbon stored as vegetation biomass if the replacing land
use is maize or forest plantation) (equation (1)). This deduction is informed by a meta-analysis of
mature plant carbon stocks across commodities (in MgC ha), and categorised into 40 commodities
across 11 commodity groups (Supplementary Table 9). If a specific commodity data is absent, we
associate it with plant carbon stocks of its respective commodity group (see Lookup table in Data
availability). The resulting net carbon emissions are then expressed in megatonnes of CO; (MtCO,).

Plant carbon stocks of

Net carbon
replacing commodity (1)

9 = AGB +BGB +Deadwood + Litter + SOC loss —
emissions

7.2.1 Peatland drainage emissions

To align with the deforestation attribution analysis, our model concentrates on carbon
emissions from deforestation occurring on peatlands post-2000, deliberately excluding continuous
emissions from established agricultural peatlands or those deforested earlier. By superimposing a
high-resolution global peatland map (a composite map prepared from multiple sources at 30-m
resolution; see ref.3*) 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
commodities expansions within a country (similar to statistical attribution).

To estimate the emissions from peatland drainage, we use emission factors reported by
published literature (often represented in MgCO, hayr?). These factors are informed by subsidence
observations and standardised rates of peat oxidation, providing a scientifically grounded approach
to these emission factor calculations®:®2, 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, pasture or forest plantation expansions; or oil palm
expansions specifically) and deforestation biome (i.e., tropical, temperate and boreal), which allows
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us to apply these factors to specific drainage conditions for different biomes. We multiply these
emission factors with peatland drainage area (result expressed 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 (see ‘Peatland drainage emissions’
discussion in Supplementary Methods). For instance, if a hectare of peatland is cleared and drained
for oil palm in 2010 incurs annual emissions of 54.41 MgCO; every year, this yearly emission persists
through to the year 2022, irrespective of subsequent deforestation activities in the interim period.

In addition to providing annual (i.e., unamortised) deforestation and carbon emission
estimates for country-commodity pairings, we also present amortised estimates (excluding peatland
drainage emissions). For amortisation, we distribute these estimates evenly over a 5-year period.
This amortisation aligns the temporal scale of deforestation’s impact with the timeframe of
agricultural production, offering a more nuanced understanding of the long-term environmental
footprint of crop cultivation and forestry activities®>®® (see ‘Intention of amortised and unamortised
estimates’ discussion in Supplementary Methods).

7.3 Quality assessment

Our methodology integrates multiple spatial and statistical datasets, making it necessary to
assess the quality or reliability of our deforestation estimates aggregated for each country-
commodity pairing (Extended Data Fig. 1 and Fig. 5). This assessment should not be confused with
just the accuracy of underlying datasets or the model's deforestation estimates, as the latter is
particularly challenging to assess for a dataset of this scale and comprehensiveness. To quantify the
quality of our deforestation estimates, we take into account three factors (equation (2)):

i Forest loss or deforestation (FL;) attributed to a specific commodity (i) in a specific region
and year (t).

ii.  Overall Accuracy (OA)) of the input dataset (j), which contributed to the aggregation of final
deforestation estimates. This value is provided by the respective studies and datasets
(Supplementary Table 3) and is assumed to encompass all aspects of input data’s accuracy.
Thus, FL;j represents the contributions from each input data source (j) to the deforestation
estimates attributed to a specific commodity (/).

iii. Score;j, a metric developed by us to normalise OA; and make it comparable between all the
input datasets of different types (i.e., remote sensing-based and statistical) (see ‘Scoring
metric justification’ in Supplementary Methods and Supplementary Table 6). This
normalisation 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 finer than or
equal to 10-m, tailored to individual countries. Temporally, annual datasets from 2001-2022 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 allows us to distinguish post-2000 deforestation from rotational clearing, thus removing the
need for plantation mask. For explicitness, datasets mapping a singular agricultural or forestry
commodity, validated by field data, are scored highest. Fluctuating from these conditions, the score
of the dataset is penalised. The detailed scoring criteria are mentioned in Supplementary Table 11.

This approach above works well when only spatial commodity datasets contribute to
deforestation estimates (dLUC) (equation (2) and see ‘Calculation of Quality Index’ discussion in
Supplementary Methods). However, the datasets we use also include broad spatial land-use
information, which, when combined with agricultural land-use and commodity production statistics,
provide estimates of commodity-driven deforestation (sLUC). In such cases, it is crucial to reflect the
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reliability of these agricultural statistics in the quality of our deforestation estimates. Since FAOSTAT
do not provide overall accuracy, but report Flags—a qualitative assessment of the reported value
(see the description of FAOSTAT flags in Supplementary Table 12)—we incorporate them into our
quality assessment 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 ‘Calculation of Quality Index’ discussion in Supplementary Methods). 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 progressively lower scores
(see Supplementary Table 12).

OA, if only spatial commodity datasets
n contribute to deforestation attribution
> (FL,;x0A, xScore,)

’ t
=

Quality Index,, == P , OA = 2)

it

otherwise

2

OAj x [ F/agland use + F/agpmductr’on ]

In the DeDuUCE model’s two-step land-balance approach, we use two agricultural statistics.
Here, Flagiand 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 Quality Index calculations under various scenarios are
provided in the Supplementary Methods.
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Data availability: The unamortised and amortised deforestation and carbon emission estimates generated by
the DeDuCE model, including those from sensitivity analyses are available on Zenodo:
https://doi.org/10.5281/zenodo0.13624636. All the datasets used in this study are documented in
Supplementary Table 3. The insights from the DeDuCE model can be viewed at:
https://www.deforestationfootprint.earth.

Code availability: The Google Earth Engine and Python code for running the DeDuCE model, and those
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 3.
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A Trade of deforestation-risk agricultural commodities (2018-2022)
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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, i.e., 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 (or amortised year 2022 estimates) along with a
physical trade model®, following the methodology outlined in ref.*.
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A. Supplementary Methods

1. Forest plantation mask

In our deforestation attribution, we filter out the tree cover loss over managed forests (i.e., both planted and
plantation forests; see definition at ref.?), aiming to solely include the loss of natural forests. Since the global
forest change dataset? does not differentiate between natural and managed forests, recognising any woody
vegetation over 5m in height in a pixel as forested land, the signal from forest loss contains both removal of
tree stands in natural forests (i.e., deforestation) and managed forests (due to logging/rotation harvesting in
already established timber or oil palm plantation regions). To refine our analysis to only include
deforestation, we exclude changes in tree cover associated with the management activities of planted and
plantation forests established before 2001.

For datasets with annual updates, such as MapBiomas® and oil palm extent in Indonesia®, which document
land use since 2000 or earlier, we can readily discern whether tree cover losses occur in natural or managed
forests. For those without such temporal land-use detail, we employ a forest plantation mask based on Du et
al.®> and Lesiv et al.® to identify and exclude managed forests (Supplementary Fig. 5). Du et al.®> use the Spatial
Database of Planted Trees (SDPT version 1.07) — which is stated to cover nearly 82% of plantation forests
globally — and time-series of Landsat satellite data (from 1982-2020) to detect when these plantations in a
pixel were first established (referred to as ‘start year’). For our deforestation attribution, we only included
forest plantations established after the year 2000 (i.e., start year > 2000), while tree cover loss in plantations
established before 2000 was classified as rotational clearing. However, this approach carries the risk of
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overestimating deforestation for plantations with rotation periods exceeding 20 years, as these plantations
may have been established before the timeframe analysed in Du et al.>. Conversely, Lesiv et al.® offer a
global perspective on managed forests using more recent satellite imagery (2014-2016) and expert
classification.

When pixels corresponding to forest plantations or tree crops (e.g., oil palm, coconut, and cocoa), those
lacking a land-use record for the year 2000, intersect with the forest plantation mask (Supplementary Fig. 5),
we consider these pixels to have been established pre-2001 and exclude them from our deforestation
attribution analysis. We give precedence to Du et al.® plantation mask due to its comprehensive temporal
coverage, which allows us to distinguish between natural and manged forest cover changes before and after
the year 2000. In regions without coverage from Du et al.®>, such as Canada and Russia, we defer to Lesiv et
al.’ plantation mask. The latter case, however, may lead to conservative estimates of deforestation where
plantation expansion occurred between 2001-2016 (since Lesiv et al.® is defined using remote sensing data
from 2014-16), but the impact on our overall results is deemed minimal given the breadth of the SDPT
database’. This masking is selectively applied to forest plantation and tree crop commodities; temporary
crop and pasture commodities, typically non-woody and less likely to replace forest plantations, are not
subjected to this masking.

2. Processing temporally explicit and temporally aggregated spatial datasets

We process temporally explicit datasets, like MapBiomas and Soybeans, which offer yearly spatial extent
from 2000 to 2022, differently from those that are temporally aggregated. Temporally explicit datasets
facilitate direct attribution of deforestation to particular land-uses or commodities. We process them by
applying a four-year moving window (i.e., a maximum three-year delay) from the year of detected forest
loss. This window helps compensate for any delays between the observed forest loss and the actual
conversion of that deforested land to agricultural land use. For instance, if a pixel shows forest loss in 2001
and is later identified as cropland in 2003 by MapBiomas, we attribute that forest loss to cropland. In cases
where multiple land-use changes occur within the window, we prioritise the assignment in the order of
forest plantations, woody perennial crops, pastures, herbaceous perennial and temporary crops (thus
prioritising land-uses with higher rotation period over lower®®).

Conversely, datasets that aggregate estimates over time pose challenges in pinpointing the immediate cause
of deforestation, as they may not capture sequential land-use changes. Consider the cocoa plantations
dataset as an examplel?, which consolidates satellite data from 2018 to 2021 to create a cocoa plantation
map for a single reference year. Suppose a forest loss occurred in a specific pixel in 2003, and that pixel
overlaps with cocoa plantation extent. In the absence of intervening land use data from 2003 to 2017, there
is a risk of identifying or misidentifying cocoa as the deforestation driver if land use has changed during
those intervening years. Thus, here, we follow a simplistic approach by aligning these temporally aggregated
datasets with the year of forest loss when spatial overlap occurs (i.e., simply assuming that the land use that
is eventually identified represents the proximate cause of deforestation). However, the attribution of forest
loss does not extend beyond the final year of the remote sensing dataset used for the development of the
spatial dataset (e.g., spatial attribution for cocoa beans in Céte d’lvoire and Ghana does not go beyond 2021,
and for sugarcane in Bratzil, it does not go beyond 2019; see Supplementary Table 3).

3. Statistical land-use attribution
3.1 Estimating gross land-use expansion

We start the first step of this statistical attribution by estimating the expansion of croplands (CLE),
permanent pastures (PPE), and forest plantations (FPE) over a three-year time lag following the
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observed year of forest loss (t), such that lag = min {3, 2021 — t} (Supplementary equations (1)-(3);
Supplementary Fig. 1; 2021 is the last year of FAOSTAT data). The duration of this lag period is set to
three years, reflecting empirical data on the typical interval between the initial forest clearing and the
subsequent establishment of agricultural land for production!'*2, This time-lagged approach is integral
to synchronising the observed changes in land cover with the likely temporal dynamics of land-use
development.

t+lag t+lag
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Here CL:, PP:, FP; quantify the extent of croplands, permanent pastures, and forest plantations for a
given year t, respectively. The land-use extent data for croplands and permanent pastures are
sourced from FAOSTAT® (Supplementary equation (1)-(2)), while information on forest plantations is
obtained from the FRA! (Supplementary equation (3)). Our analysis is focused on gross land-use
change; hence, we enhance the net expansion figures from FAOSTAT and FRA with estimates of crop
and pasture loss. These losses are computed using methodologies from Li et al.}*, which utilise a time
series of the ESA CCl land cover dataset® (2000-2022) to track changes in crop and grass areas (i.e.,
proxy for pasture loss area).

Acknowledging the frequent expansions of croplands over pastures, as evidenced by remote sensing
studies'®, we adjust our cropland expansion (CLE;) calculations by deducting the gross pasture loss
(GPL:) (Supplementary equation (1)). This reflects the tendency for croplands to expand initially into
pasture areas before encroaching on forested lands. This displaces cattle ranching into forest frontiers
due to cropland expansion'’”, leading us to correlate pasture expansion directly with forest loss
(Supplementary equation (2)). In contrast, for forest plantations, we account only for the net change,
as data on gross plantation loss is not available. Consequently, the expansion of forest plantations is
directly linked to forest loss (Supplementary equation (3)).

Handling land-use mosaics

When faced with multi-land-use mosaics (specifically for MapBiomas?, Curtis et al.l® dominant driver

dataset, and unclassified forest loss) that blend croplands, pastures, or forest plantations without
clear demarcation, we distribute the area of forest loss within these mosaics (FLmosaic) in proportion to
the extent of each land use relative to the total observed expansion of land use (Supplementary
equation (4)-(6); Supplementary Fig. 1). This means that the mosaic of cropland, pasture, and forest
plantation is divided among them based on their respective contributions to overall land use
expansion (i.e., the sum of CLE;, PPE; and FPE;) (Supplementary equation (4)-(6)). In scenarios where
the mosaic is solely composed of cropland and pasture (presently only MapBiomas?), we allocate the
area between these two categories proportionately, with the combined extent of CLE; and PPE; —
informing the total area used for this allocation.

CLE, or min {max {CLE, - FL
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In this framework, mosaics are also divided into 'certain' and 'uncertain' categories. 'Certain' mosaics
are those where the dataset confidently identifies the type of land use within the mosaics. For
instance, MapBiomas® mosaics are certain that the mosaic land use is either a cropland or pasture.
Conversely, 'uncertain' mosaics, specifically those from the Curtis et al.° dataset, suggest probable
land uses solely based on the predominant cause of forest loss over space and time, which may not
always accurately reflect direct drivers of forest loss (since aggregated in a 10-km pixel over the full
time period). This also encompasses unclassified forest loss as well, given that the driver of such forest
loss cannot be associated with a specific land use. We impose a limit for these ambiguous cases (i.e.,
uncertain mosaics) (Supplementary equation (4)-(6) on the right). This constrains the categorisation of
forest loss to whichever is smaller: the expansion of land-use categories minus the spatially attributed
forest loss or the forest loss proportionally assessed based on relative land-use expansions — to avoid
overestimating forest loss due to agriculture.

Capping deforestation due to forestry activities

Additionally, despite using a forest plantation mask, certain areas might inaccurately identify
themselves as forest loss within natural forest, when in reality, they represent rotational clearing. This
misclassification is particularly prevalent when tree cover loss pixels coincide with areas identified by

Curtis et al.?® as dominated by forestry activities (FL[orestr)r‘,spatial,t ), stemming from challenges in

differentiating between natural and managed forest losses. This issue is especially notable in countries
like Sweden, Canada, and Russia, where extensively managed forest areas are not categorised as
plantation forests according to FAQ’s definitions?’. To counter potential overestimation of
deforestation driven by forestry activities, our methodology enforces a cap on the statistical

accounting of forest loss attributed to forest plantations (Fpr,smmm[,,). This cap ensures that the

reported forest loss does not surpass the forest plantation expansion estimates provided by the FRA
(i.e., FPE:; Supplementary equation (7)).
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Gap filling

It should be noted that FAOSTAT provides land-use data up to the year 2021, which allows us to
compute land-use expansion until 2020 (Supplementary equation (4)-(6)). To gap-fill for expansions in
2021 and 2022, we average the land use expansion from the preceding three years (i.e., 2018-2020)
and then adjust it proportionally to the forest loss to estimates of 2021 and 2022 (Supplementary
equation (8)).
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Statistical commodity attribution
Deforestation attributed to crop commodities

In the second-step of statistical attribution (Supplementary Fig. 1), we allocate total forest loss induced

by cropland expansion ( 7L, ,, which is the sum of deforestation attributed to croplands spatially and
statistically) to various crop commodities ( FL where i refers to individual commodities). After

),the statistical

CL,statistical it 7

CL,spatial ,i t

excluding forest loss due to commodities already accounted for spatially (Y FL

land-use attribution step (Supplementary equation (9)) allocates cropland-driven deforestation
proportionally to the expansion of each crop commodity ( CLE,, ) relative to the total expansion at the

country level (D CLE,, ). We use FAOSTAT’s country scale 'crops and livestock products' statistics (CL;:)

to estimate these expansions®3, maintaining the methodology and lag used previously (Supplementary
equation (10)). The only exception is Brazil, where we use municipality-level (i.e., second-level
administrative boundary) data from the Brazilian Institute of Geography and Statistics (IBGE)?2.
Notably, IBGE also estimates harvested areas for certain crops — specifically maize, groundnuts,
potatoes, and beans — that are planted multiple times annually. To prevent double or triple counting of
the deforestation attributable to these crops, we only use their first harvested area estimates rather
than the total cumulative harvested area over the year. We note that currently, our focus is limited to
Brazil due to the lack of available sub-national statistics in other countries. However, we anticipate
incorporating these statistics in the future, as higher-quality data becomes available.

If FAOSTAT or IBGE’s total crop expansion (ZCLE,.J ) exceeds the forest loss attributed to cropland (

FL Supplementary equation (1)), we use the lower value between the two (Supplementary

‘CL,t?

equation (9)). Additionally, any surplus ( FL ) is apportioned among commodities based on their

'CL,surplus ,t
annual harvested areas, preserving proportionality and reflecting possible land-use changes
(Supplementary equation (11)-(12)).
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Here, > FL is the sum of all spatially attributed forest loss commodities. Since we prioritise

deforestation estimated through remote sensing data over agricultural statistics, spatially attributed
commodities with a score greater than 0.85 are excluded from statistical attribution. This threshold
indicates a high confidence in the data reflecting the true extent of deforestation by that commodity,
such as soybeans in South America and oil palm in Indonesia (scores for all datasets are mentioned in
Supplementary Table 6, with the scoring methodology outlined in the 'Quality assessment' section). To
compensate for this exclusion, we adjust the total crop commodity expansion by deducting ) CLE,,

J

CL,spatial ,i ,t

(i.e., the sum of harvested areas of commodities scoring above 0.85 or FL >CLE,,) from

CL,spatial it

D CLE,, (Supplementary equation (10)). Additionally, as FAOSTAT provides harvest area data up to

2021, enabling commodity-driven expansions calculation up to 2020, we apply a similar methodology
as before gap-fill for the year 2021 and 2022 (Supplementary equation (4)-(6)).

Deforestation attributed to pasture commodities

In the case of deforestation attributed to pastures ( FL,,, ), we attribute these losses to just two

PPt
commodities: cattle meat and leather at 95% and 5% of the total deforested area, respectively, based
on an economic allocation logic®. Although some studies have utilised weighted cattle density?* data
to minimise the inclusion of pastures used for other grazing livestock (e.g., sheep, camels, goats and
horses)® and associated products (e.g., dairy), significant uncertainties remain®®?’. For instance, in
some regions, the impact on pastoral communities could be considerable?®?°, however, the traditional
land use and grazing patterns of these communities may diverge from what is detectable through
satellite imagery or fit within formal land-use classifications. Moreover, the variability in cattle density
over time poses a challenge, and therefore, is difficult to capture with datasets aggregated temporally,
which might lead to under- or over-estimation of cattle meat-driven deforestation. As a result, we
adopted an approach grounded in economic-allocation logic to attribute commodities to pastures®.

Deforestation attributed to forestry commodities

Forest loss attributed to forest plantations ( FL,,, ) is categorised as ‘Forest plantation (Unclassified)’,

FP.t
unless the specific species of the plantations can be spatially attributed using the global plantation
dataset’. In these cases, where the species information is available, the forest plantation is referred to
as ‘Forest plantation (species name)’.

Peatland drainage emissions

Peatland emissions can continue for many years, even decades, after initial land-use change due to the
ongoing oxidation of organic carbon in the peat®. Assessing emissions from peatland drainage is
difficult due to uncertainties in peat subsidence, which can vary with local conditions and management
practices®l. This variability, alongside the inherent challenges in measuring peatland emissions due to
the dynamic nature of peat decomposition and water table fluctuations, complicates the accuracy of
such estimates®.
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Unlike other deforestation emissions (AGB, BGB, etc.), which are considered locked-in or committed,
the continuous emission profile of peatland emissions necessitates annual emission accounting to
accurately reflect their ongoing impact. Furthermore, international frameworks such as the IPCC
guidelines®? require countries to report their peatland emissions annually, which aligns with our
approach to reporting peatland emissions.

Of the literature used for estimating peatland drainage emission factors3'4, the factors from ref.3* are
based on the IPCC Wetland supplement®. For forest plantations, we prioritize the values from ref.3,
resorting to the IPCC values®? only when ref.3® does not provide the necessary emission factors. The
ref.3¥ indicates that the IPCC values for peatlands in tropical and boreal forestry regions are significantly
lower in magnitude. They suggest that emission factors for forestry on drained organic soils provided by
the IPCC are based on a limited number of measurements, often using trenching or the eddy covariance
technique. These techniques might not fully capture the ongoing carbon emissions, especially for
below-ground litter input, which can be significant in peatlands.

Intention of amortised and unamortised estimates

When a forested land is cleared, the majority of carbon is released during the initial clearing, while
emissions from subsequent decay of biomass continues over the next few years. Thus, in environmental
impact assessments, particularly regarding the impact of deforestation, it's crucial to consider not just
the immediate impact of forest loss, but also the extended effects of this transformation?>%.
Consequently, the deforestation emissions presented here are ‘committed emissions’, reflecting the
long-term change in biomass carbon stocks due to the land-use change from forest to agricultural or
forest plantation land-use, including adjustments in soil carbon contents and carbon sequestration in
tree crops for instance.

When attributing these emissions to commodities produced on cleared forest land—calculating a
‘deforestation carbon footprint’—these committed emissions from the land-use change event must be
distributed over the production period. This is done using an ‘amortisation’ period, which conceptually
distributes the consequences of deforestation (i.e., committed emissions) across multiple years to
account for the enduring productivity of the land. This is a common practice in land-use change-related
impact assessments (e.g., IPCC3?, GHG Protocol®*®) and here this approach is adopted for calculating the
estimates of deforestation emissions embodied in international trade, displayed in Extended Data Fig. 2.

Interestingly, several studies have criticised the use of an amortisation period for its arbitrary nature
and weak scientific justification®’. Since its introduction for GHG accounting (IPCC, 1996%8), a 20-year
amortisation period has been commonly used, albeit non-mandatory. The IPCC guidelines3® explicitly
state that "the choice of a 20-year period represents a compromise", and that amortized carbon
emissions may not adequately capture the underlying biophysical processes related to carbon
balance®. Following ref.?, we adopt a shorter, 5-year amortisation period to better capture the
immediate effects of deforestation while also allowing for the analysis of the dynamic nature of current
food systems, such as the influence of recent consumption patterns on deforestation (exemplified in
Extended Data Fig. 2). However, our choice of a 5-year amortisation period does not impact the core
DeDuCE model estimates, i.e., the annual emissions from deforestation attributed to commodities.
Stakeholders have the flexibility to use this unamortized data to calculate emission for any amortisation
period that aligns with their reporting standards and requirements.

Furthermore, understanding these annualised/unamortised and amortised estimates helps balance
immediate actions with long-term planning in climate change mitigation efforts. For example,
commodities associated with peatland emissions require continuous (or annualised) monitoring and
long-term regulatory measures. This approach enables policymakers to respond swiftly to sudden spikes

8
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in emissions, which is essential for implementing urgent regulatory actions. To identify and prioritize the
most critical cases for intervention—particularly commodities causing significant near-term
deforestation, such as palm oil and cattle meat—unamortized emission estimates are more effective.
Amortization, by its nature, tends to smooth out the temporal dynamics of land-use change, potentially
obscuring the urgency of recent impacts. For this reason, unamortised emissions highlight annual
fluctuations, which are crucial for detecting trends and anomalies in specific commodities or regions.
Understanding this annual variability is essential for grasping the dynamic nature of deforestation and
its impact, thus facilitating more responsive and effective policy measures.

In contrast, amortised emissions (e.g., AGB, BGB, etc.) linked to deforestation might benefit from
development of intervention strategies, informing more targeted climate-change mitigation efforts and
encouraging the adoption of sustainable practices®’. Amortisation account for these annualised
variabilities in deforestation emissions and assists in evaluating the effectiveness of intervention
strategies. Furthermore, it also provides a clearer picture to investors and stakeholders about the long-
term carbon liabilities associated with different commodities, aiding in more informed investment and
operational decisions®.

Both methods complement each other and provide a comprehensive understanding of the
deforestation and carbon emissions landscape, helping to prioritise commodities and regions for
targeted climate change mitigation efforts.

7. Quality Index assessment
7.1 Scoring metric justification

Since the datasets used in deforestation attribution vary in spatio-temporal granularity (or resolutions) and
explicitness (e.g., some datasets provide only land-use information while others capture the spatial extent of
commodities), they differ in their ability to actually capture deforestation due to commodity production. The
scoring metric normalises the scope of all datasets, making them comparable and allowing for a consistent
assessment of the reliability of deforestation estimates.

For instance, a spatial dataset for cropland and oil palm may both exhibit 90% overall accuracy (OA), but
their precision in pinpointing oil palm-induced deforestation differs significantly. This difference arises
because spatial data on oil palm is explicitly designed to identify areas where oil palm is grown, making it
more suitable for linking deforestation specifically to oil palm plantations (dLUC). In contrast, cropland
spatial data only indicates that a crop commodity is leading to deforestation without explicitly identifying the
commodity-specific driver. In the latter case, assessing the commodity's impact will require using agricultural
statistics (Extended Data Fig. 1) to help associate the deforestation likely driven by oil palm (sLUC) from
overall deforestation estimates resulting from cropland expansion. Therefore, a higher accuracy spatial
dataset does not necessarily equate to a more reliable deforestation estimate.

Similarly, two oil palm datasets with the same temporal resolution and overall accuracy but varying spatial
resolution will differ in their capacity to attribute deforestation accurately at a 30-meter pixel scale. The
scoring metric adjusts the overall accuracy (OA;; equation (2)) to account for differences in spatial, temporal,
and explicitness aspects, thereby providing a nuanced understanding of the reliability of deforestation
estimates produced by the DeDuCE model.
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7.2  Calculation of Quality Index

Examples of when deforestation estimates are calculated using only the spatial commodity datasets

Soya beans — Bolivia (2015) Oil palm fruit — Indonesia (2016)
Deforestation: 20840.45 ha Deforestation: 261034.13 ha
Only one dataset contributed to deforestation estimates: More than one dataset contributed to deforestation
1. Song et al.**-Soya beans: 20840.45 ha estimates (note that the spatial attributions from the
(QA =0.95; Score = 0.93) datasets below are non-overlapping):
1. MapBiomas3-Oil palm fruit: 5904.05 ha
. (20840.45%0.95% 0.93) (QA =0.85; Score = 0.83)
Quality Index = 20840.45 =0.88 2. Descals et al.**-Oil palm fruit: 2883.93 ha

(QA =0.9852; Score = 0.72)
3. Gaveau et al.*-Oil palm fruit: 252246.15 ha
(QA =0.956; Score = 1)

(5904.05x 0.85x0.83) +
(2883.93x0.9852x0.72) +
(252246.15x0.956 x 1)

Quality Index = =0.95
261034.13

Example of when deforestation estimates are calculated using spatial land-use data and agricultural statistics

Sugar cane — Belize (2014)
Deforestation: 3031.61 ha

Agriculture statistics (see Supplementary Table 12):
1. FlagLand use = E
2. FlagProducﬁon =A

Multiple land-use datasets that contributed to the aggregation of deforestation estimates:
1. Potapov et al.*>-Cropland (post-statistical attribution): 2876.96 ha
(QA =0.9735; Score = 0.65)
2. Curtis et al.2-Dominant driver (post-statistical attribution): 154.65 ha
(QA =0.89; Score = 0.40)

Modified QA with agricultural flags (see equation (2) and Supplementary Table 6):
0.80+1 o.5j=0'73

QA=QA,><(

(2876.96x 0.9735x 0.65) + (154.65 % 0.89 x 0.40)
3031.61

Quality Index = x0.73=0.45

Example of when deforestation estimates are primarily calculated using good-quality agricultural statistics

Wheat - Kazakhstan (2006)
Deforestation: 717.05 ha

Agriculture statistics (see Supplementary Table 12):
1. F/agLand use = A
2. FlagProducﬁon =A

10
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Multiple land-use datasets that contributed to the aggregation of deforestation estimates:
1. Potapov et al.**-Cropland (post-statistical attribution): 17.76 ha
(QA =0.9735; Score = 0.65)
2. Curtis et al.?°-Dominant driver (post-statistical attribution): 0.08 ha
(QA =0.89; Score = 0.40)
3. Hansen et al.2-Tree cover loss (post-statistical attribution): 699.21 ha
(QA = 0.996; Score = 0.53)

Modified QA with agricultural flags (see equation (2) and Supplementary Table 6):
1+1 05
QA=0QA, x(%—?jzo.ss

(17.76x0.9735x0.65) +(0.08 x 0.89 x 0.40) + (699.21 x 0.996 x 0.53)
717.05

Quality Index = x0.83=0.44

Example of when deforestation estimates are primarily calculated using poor-quality agricultural statistics

Rubber — Cambodia (2017)
Deforestation: 27419.11 ha

Agriculture statistics (see Supplementary Table 12):
1. FlagLand use = E
2. FlagProducﬁon =T

Multiple land-use datasets that contributed to the aggregation of deforestation estimates:
1. Potapov et al.*>-Cropland (post-statistical attribution): 4297.33 ha
(QA =0.9735; Score = 0.65)
2. Curtis et al.2°-Dominant driver (post-statistical attribution): 23121.03 ha
(QA =0.89; Score = 0.40)
3. Du et al.>-Global Forest Plantation (directly classifies Rubber): 0.75 ha
(QA =0.7825; Score = 0.70)

Modified QA with agricultural flags (see equation (2) and Supplementary Table 6):

an-a (22208051 g5
2 3

(4297.33x0.9735x 0.65) +(23121.03x0.89x0.40) . (0.75x0.7825x0.70)
27419.11 ' 27419.11

Quality Index = =0.21
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B. Supplementary Figures

Statistical land-use attribution
Provides results on deforestation attributed

Statistical commodity attribution
Provides results on deforestation

to each major land use class.

attributed to specific commodities.

STATISTICAL DEFORESTATION ATTRIBUTION

(Two-step land-balance model;
Supplementary equations @@)

Croplandsfirstexpand _ _

over pastures

CROPLAND
Data: FAOSTAT

(gross expansions)

@ PASTURE

Data: FAOSTAT

(gross expansions)

FOREST PLANTATIONS
Data: FAO-FRA

(net expansions)

Data: Global forest change (forest extent and forest loss); forest loss due to planted and plantation

ot

FOREST

forests established prior-2000 are masked in ‘Spatial deforestation attribution’;
Spatially attributed commodities and specific land-uses are excluded from this step

Forest loss attributed
to different land use

CROP COMMODITIES
Data: FAOSTAT, IBGE

(deforestation attributed to
crops are based on net
change in harvested area of
crop commodities)

20 @@

PASTURE COMMODITIES

(deforestation attributed to
pasture is separated into
cattle meat (95%) and
leather (5%))

FOREST PLANTATION

(deforestation attributed to
forest plantations is not
attributed to specific
commodities)

Annual estimates of deforestation
attributed to commodities

DEFORESTATION RISK
Calculates the deforestation embodied in the production of each commodity within a specific year by

amortising the deforestation attributed to a given commodity across the preceding five years.

Land-use
expansions
over forested
regions

Supplementary Fig. 1 | Visual representation of the statistical deforestation attribution (i.e., two-step land
balance model). The figure is adapted from ref.'’.
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Africa Europe North and Central America
Joiis= Coffee wlMaize (corn)

Cocoa bey

‘ Wfﬂ}m]

Rice

Cassava

Soya beans—
oil palm—”"'

: ‘..
Groundnuts Plantains
Cashew nuts

QOceania South America
Maize (corn)

Southeast Asia
Maize (corn)

Cocoa beans

O Cereals @ Fruit and nuts @ Stimulant, spice and aromatic crops
@ Edible roots and tubers @ Oilseeds and oleaginous fruits Q Sugar crops

© Fibre crops Q© Pasture @ \Vegetables

© Forest plantation @ Fulses

Supplementary Fig. 2 | Geographical overview of commodity-driven deforestation (2001-2022). Similar to
Fig. 3b in the main text, this figure shows agriculture and forestry-driven deforestation and corresponding
carbon emissions across but here broken down by different geographical regions. In the concentric rings, the
outer ring depicts the proportion of deforestation by area, while the inner ring shows carbon emissions,
including peatland emissions, with selected major deforestation commodities accentuated along the
periphery of the concentric circles. Negative carbon emission values are excluded from the visualisation.
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= This study Pendrill et al. Goldman et al.
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Argentina Brazil Bolivia Colombia
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1000 - 40
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0 - ! 0 - T 1 0
2001 2011 2022 2001 2011 2022 2001 2011 2022 2001 2011 2022 2001 2011 2022

Supplementary Fig. 3 | Comparison of deforestation estimates of major deforestation-risk commodities
and countries with other studies. Studies include estimates from Pendrill et al.?® and Goldman et al.?.
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Cattle meat

v 0 7

,‘. - ‘ ‘ﬁ' - - ‘

Coffee Forest plantation

Supplementary Fig. 4 | Quality index of major deforestation-risk commodities as shown in Fig. 4. The
quality index above is weighted for estimates from 2018 to 2022. Here, higher values of the quality index
indicate better quality of deforestation attribution.
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Overlaying spatial

dataset with
forest loss

Global forest change
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. '
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l

Apply a moving four-year
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Does the dataset represent a

Forest loss - Tree cover (for the year 2000)
Tree cover loss - Tree cover loss (2001-2022)
pixels with
tree cover density
= 25%

Spatial datasets (include):
- Commodities

- Land use

- Management

- Disturbances

woody vegetation - similar to tree
cover definition of Global forest change
(e.g., forest plantations or tree crops)?

!
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l

v

No

l

Is the land-use data for Dataset ready to

the year 2000 or earlier be used for
available for this dataset? deforestation
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l l forest loss)

Yes No
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. .
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forest plantation dataset
(start year >2000)
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Supplementary Fig. 6 | Framework for distinguishing natural forest loss and loss over managed forests.

Global forest plantation mask based on Du et al.> and Lesiv et al.b.
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Supplementary Table 1 | Countries and their respective deforestation-carbon emission estimates and
quality index (2001-2022). Note that the table below excludes countries that either experienced no
deforestation or lacked FAOSTAT agricultural statistics for the period from 2001 to 2021. Absolute values are

archived on Zenodo (see data availability).

Sr.No.

OCOoOONOUVLEWNR

NNNRRRRRREBRRR R
NROWOOWNOGOURAWNIERO

23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41

Producer country

Afghanistan
Albania

Algeria

Angola

Antigua and Barbuda
Argentina
Armenia

Australia

Austria
Azerbaijan
Bahamas
Bangladesh
Barbados

Belarus

Belgium

Belize

Benin

Bhutan

Bolivia

Bosnia and Herzegovina
Botswana

Brazil

(results also available at
municipality level)
Brunei

Bulgaria

Burkina Faso
Burundi

Cabo Verde
Cambodia
Cameroon
Canada

Central African Republic
Chad

Chile

China

Colombia
Comoros

Costa Rica

Croatia

Cuba

Cyprus

Czechia

Deforestation
attribution,
unamortized

(ha)

442

11,040

7,477

1,229,575

403

3,910,144

1,011

397,501

1,515

4,061

4,028

9,569

114

16,391

11,138

48,093

29,837

6,549

3,765,912

6,092

953

38,329,215

6,834
10,161
325
10,690

87
1,431,351
661,389
420,166
174,117
88,550
409,016
7,221,282
2,381,122
448
192,229
5,984
75,325
231
10,912

Deforestation
emissions
excl. peat
drainage,

unamortized

(MtCO,)
0.12
1.00
1.85
320.31
0.10
633.00
0.35
29.68
0.53
1.04
0.57
3.47
0.03
1.85
1.47
19.52
7.24
3.34
1,472.31
2.45
0.11
16,955.99

4.69
2.88
0.06
2.73
-0.01
618.80
304.11
68.23
63.01
18.92
-2.71
-97.61
1,203.89
0.17
70.59
2.02
26.40
0.05
3.86

Peatland
drainage
emissions
(MtCO,)
<0.01
<0.01

0.03
2.20
<0.01
0.80
<0.01
3.01
<0.01
0.03
0.20
0.86
<0.01
0.49
<0.01
1.07
<0.01
0.02
8.85
<0.01
0.03
40.51

0.45
0.01
<0.01
0.01

14.06
4.15
60.52
0.69
<0.01
0.72
2.58
17.57
<0.01
3.43

0.83

<0.01

Quality
Index

0.44
0.26
0.44
0.29
0.34
0.62
0.42
0.28
0.45
0.42
0.28
0.32
0.33
0.42

0.3
0.36
0.34

0.3
0.56

0.4
0.34
0.61

0.23
0.44
0.36
0.32
0.31
0.28
0.24
0.43
0.26
0.34
0.56
0.27
0.53
0.27
0.26
0.42
0.33
0.42
0.36
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42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
920
91
92
93
94
95
96
97
98
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Cote d'lvoire

Democratic Republic of the Congo

Denmark
Dominica

Dominican Republic

Ecuador

Egypt
El Salvador

Equatorial Guinea

Eritrea
Estonia
Ethiopia
Fiji

Finland
France
Gabon
Gambia
Georgia
Germany
Ghana
Greece
Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti
Honduras
Hungary
India
Indonesia
Iran

Iraq
Ireland
Israel

Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kyrgyzstan
Laos

Latvia
Lebanon
Lesotho
Liberia
Libya
Lithuania
Luxembourg
Madagascar
Malawi
Malaysia
Maldives
Mali

Malta
Mauritania

3,012,391
7,307,966
19,547

93

28,600
312,273
2,061
13,421
22,689

1

11,407
184,646
15,117
49,138
62,045
239,489
697

6,183
28,041
1,496,210
16,470
400
575,289
286,794
18,432
12,422
8,262
653,215
41,102
1,325,328
10,920,308
2,935

119
63,993
646
36,905
5,659
28,612

3

20,761
354,793
1,088
354,108
24,474
581

166
567,701
119

1,700

530
651,826
227,698
3,029,870
49

5,095

11

34

693.27
3,807.59
-2.11
0.04
4.86
191.06
0.38
4.00
13.33
<0.01
2.45
63.53
3.31
6.21
24.10
129.40
0.12
1.90
11.18
414.30
0.62
0.19
167.99
79.62
4.19
4.73
1.94
240.69
-1.11
263.24
3,889.18
0.56
0.03
-1.49
0.12
7.48
1.96
11.52
<0.01
5.92
134.35
0.28
159.66
-3.80
0.13
0.04
204.30
0.02
0.35
0.26
247.64
76.22
1,409.66
-0.00
1.39
<0.01
<0.01

6.52
117.35
0.05
<0.01
0.13
1.83
0.28
0.12
0.28
0
0.22
0.13
0
3.39
0.21
4.65
<0.01
0
0.28
1.32
0.06
<0.01
2.06
0.62
0.25
0.67
0.08
3.57
0.07
14.80
2,057.52
0.02
<0.01
0.97
<0.01
0.02
0.10
0.18
0
0.04
0.20
0
3.75
0.62
<0.01
0
10.15
0
0.06
<0.01
1.98
0.18
277.49
0.01
<0.01
<0.01
0

0.39
0.24
0.29
0.27
0.34
0.53

0.5
0.29
0.22
0.38
0.34
0.39
0.31
0.42
0.41
0.22
0.41
0.37
0.43
0.42
0.35
0.28
0.25
0.24
0.24
0.49
0.29
0.22
0.28
0.27
0.82

0.4

0.4
0.27
0.41

0.4
0.26
0.45
0.44
0.42
0.31
0.44

0.3
0.28
0.36
0.34
0.25
0.33
0.47
0.32
0.25
0.24
0.44
0.33
0.38
0.23
0.42
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929
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139

140
141
142
143
144
145
146
147
148
149
150
151
152
153
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Mauritius

Micronesia

Moldova

Mongolia
Montenegro (2006-2022)
Morocco
Mozambique
Myanmar

México

Namibia

Nepal

Netherlands

New Caledonia

New Zealand
Nicaragua

Niger

Nigeria

North Korea

North Macedonia
Norway

Oman

Pakistan

Palestine

Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Portugal

Puerto Rico

Republic of the Congo
Romania

Russia

Rwanda

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the Grenadines
Senegal

Serbia (2006-2022)
Serbia and Montenegro
(2001-2005)
Seychelles

Sierra Leone
Singapore

Slovakia

Slovenia

Solomon Islands
Somalia

South Africa

South Korea

South Sudan (2012-2022)
Spain

Sri Lanka

Sudan (2012-2022)
Sudan and South Sudan
(2001-2011)

933

2

2,971
8,439

725

6,569
864,875
2,050,186
1,238,121
2,162
32,545
4,219
7,040
158,143
395,093

3
1,508,779
36,425
1,452
151,189
<1

3,046

17
128,445
780,327
4,779,935
1,757,432
880,043
25,544
64,197
2,635
240,491
10,631
653,874
31,136
274

155

174

1,661
23,006
7,635

3
38,386
178
11,716
977
39,855
3,849
210,940
90,047
26,522
107,469
122,109
544
55,400

0.28
<0.01
0.72
1.43
0.28
1.08
243.82
915.69
369.63
0.27
12.52
1.48
2.66
12.21
173.63
<0.01
395.87
10.40
0.45
3.29
<0.01
1.22
<0.01
57.32
481.72
741.34
1,031.77
410.17
5.41
-6.08
0.70
125.38
3.01
167.14
10.84
0.10
0.07
0.05
0.42
2.34
0.04

<0.01
10.79
0.05
2.01
0.39
21.27
0.50
67.59
-12.32
5.69
4.64
21.89
0.11
11.20

<0.01
<0.01
0.63
<0.01
<0.01
0.55
25.96
3.55
0.02
0.07
0.11
0.13
0.09
10.06

14.86
0.13

2.22

<0.01

2.89
37.64
1.34
13.26
8.14
0.36
0.14
0.04
8.22
<0.01
15.02
0.10
<0.01
<0.01
<0.01
0.01

<0.01

<0.01
1.08
<0.01
0.01
<0.01
3.19
<0.01
0.17
0.01
0.10
0.34
0.63
<0.01
0.06

0.33
0.29
0.38
0.37
0.41
0.43
0.32

0.3
0.28
0.31
0.31
0.42
0.26

0.3
0.26
0.44
0.24
0.27

0.4
0.28
0.41
0.36
0.42
0.25
0.22

0.6
0.53
0.27
0.41
0.25
0.32
0.22
0.39
0.38
0.29
0.36
0.26
0.34
0.34
0.32
0.25

0.28
0.24
0.36
0.31
0.44
0.23
0.28
0.27
0.27
0.27

0.3
0.32
0.29
0.35
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154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
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Suriname
Swaziland
Sweden
Switzerland
Syria

S3do Tomé and Principe
Taiwan
Tajikistan
Tanzania
Thailand
Timor-Leste
Togo

Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
Uganda
Ukraine

United Kingdom
United States
Uruguay
Uzbekistan
Vanuatu
Venezuela
Vietnam

Yemen

Zambia
Zimbabwe

16,895
6,105
93,175
6,016
1,828

33

8,758

274
999,896
1,670,507
4,763
16,633
2,458
2,243
69,685
207
269,413
102,998
24,753
5,446,756
66,314
871
4,490
500,925
2,156,294
<1
719,074
93,327

8.21
1.32
-2.99
3.05
0.34
0.02
1.73
0.05
245.03
518.20
2.12
4.16
0.97
0.48
6.80
0.04
71.51
13.23
9.70
-137.03
4.68
-0.03
1.67
190.20
697.81
<0.01
234.95
20.71

1.15
<0.01
8.88
0.02
0.01

<0.01
<0.01
0.48
13.64
0.03
<0.01
0.06
<0.01
0.04
0.01
0.98
0.88
0.40
18.87
0.04
<0.01
0.16
1.51
10.73

0.49
0.03

0.54
0.28
0.29
0.31
0.47
0.41

0.3
0.45
0.36
0.28
0.33
0.32
0.27
0.42
0.38

0.3
0.35
0.38
0.46
0.27
0.65
0.39
0.28
0.54
0.28
0.37
0.34
0.36
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Supplementary Table 2 | Commodities and their respective deforestation-carbon emission estimates and
quality index (2001-2022). Note that while FAOSTAT tracks 171 agricultural commodities, those not
contributing to deforestation are omitted from the table below. Absolute values are archived on Zenodo (see
data availability).

Sr.No.

A WNRE

O NGO

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

36

37
38
39
40
41
42

Commodity
Abaca, manila hemp, raw
Agave fibres, raw, n.e.c.
Almonds, in shell
Anise, badian, coriander, cumin, caraway, fennel
and juniper berries, raw
Apples
Apricots
Areca nuts
Artichokes
Asparagus
Avocados
Bambara beans, dry
Bananas
Barley
Beans, dry
Blueberries
Broad beans and horse beans, dry
Broad beans and horse beans, green
Buckwheat
Cabbages
Canary seed
Cantaloupes and other melons
Carrots and turnips
Cashew nuts, in shell
Cashewapple
Cassava leaves
Cassava, fresh
Castor oil seeds
Cattle meat
Cauliflowers and broccoli
Cereals n.e.c.
Cherries
Chestnuts, in shell
Chick peas, dry
Chicory roots
Chillies and peppers, dry (Capsicum spp.,
Pimenta spp.), raw
Chillies and peppers, green (Capsicum spp. and
Pimenta spp.)
Cinnamon and cinnamon-tree flowers, raw
Cloves (whole stems), raw
Cocoa beans
Coconuts, in shell
Coffee, green
Cow peas, dry

Deforestation
attribution,
unamortized
(ha)

8,743
1,619
17,063
28,800

15,051
1,158
31,410
5,071
12,922
167,592
34,834
690,579
316,417
1,455,196
31,909
29,020
17,964
13,228
83,213
10,930
25,964
22,348
681,524
292
2,183
4,153,056
35,382
48,505,298
20,289
52,828
10,479
21,468
108,625
158
32,490

83,529

74,096
91,515
2,240,279
655,944
1,142,700
269,557

Deforestation
emissions
excl. peat
drainage,

unamortized

(MtCO,)
6.39
0.95
2.73
11.36

4.83
0.29
19.44
3.89
7.15
85.63
14.32
496.20
94.88
648.85
19.10
14.20
10.13
4.52
49.54
5.22
13.99
13.70
156.24
0.09
1.28
2,113.98
8.65
20,513.01
12.97
22.58
2.90
7.19
51.78
0.07
19.44

62.77

38.59
-6.51
913.53
-6.41
235.15
122.55

Peatland

drainage
emissions  Quality

(MtCO,) Index

0.18 0.29
0.02 0.33
0.07 0.45
0.20 0.27
0.07 0.38
<0.01 0.42
2.35 0.35
0.05 0.44
0.12 0.38
2.58 0.37
0.38 0.32
20.00 0.31
3.39 0.42
12.65 0.34
0.24 0.4
0.33 0.41
0.12 0.37
0.21 0.42
4.25 0.31
0.63 0.33
0.62 0.34
1.14 0.4
3.42 0.25
<0.01 0.24
0.13 0.24
53.38 0.26
0.19 0.4
189.49 0.53
0.72 0.38
0.53 0.38
0.07 0.42
0.11 0.38
1.97 0.35
<0.01 0.33
1.11 0.29
7.02 0.4
1.60 0.26
0.37 0.42
46.26 0.61
12.25 0.34
11.10 0.32
3.26 0.29
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43
44
45
46
47

48
49
50
51
52
53

54
55
56
57
58
59
60
61
62
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64
65
66
67
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69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
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Cranberries

Cucumbers and gherkins

Currants

Dates

Edible roots and tubers with high starch or inulin
content, n.e.c., fresh

Eggplants (aubergines)

Figs

Flax, processed but not spun

Flax, raw or retted

Fonio

Forest plantation

(Aggregates all forestry commodities)
Ginger, raw

Gooseberries

Grapes

Green corn (maize)

Green garlic

Groundnuts, excluding shelled
Guavas

Hazelnuts, in shell

Hempseed

Hop cones

Jojoba seeds

Jute, raw or retted

Kapok fruit

Karite nuts (sheanuts)

Kenaf, and other textile bast fibres, raw or retted
Kiwi fruit

Kola nuts

Leather

Leeks and other alliaceous vegetables
Lemons and limes

Lentils, dry

Lettuce and chicory

Linseed

Locust beans (carobs)

Lupins

Maize (corn)

Mangoes

Mangoes, guavas and mangosteens
Maté leaves

Melonseed

Millet

Mixed grain

Mustard seed

Natural rubber in primary forms
Nutmeg, mace, cardamoms, raw
Oats

Oil palm fruit

Okra

Olives

Onions and shallots, dry (excluding dehydrated)
Onions and shallots, green

Oranges

Other beans, green

Other berries and fruits of the genus vaccinium

99
43,048
465
1,551
113,357

18,851
1,262
1,059

290

19,645

16,989,601

15,154
71
46,780
53,285
22,531
942,915
2,090
7,887
230
1,100

1

1,453
6,055
6,795
5,869
3,789
12,225
2,552,910
5,526
78,060
59,803
29,681
35,578
76
10,062
5,210,465
5,121
385,321
10,549
45,941
253,863
3,717
10,603
1,564,009
72,935
115,116
10,764,220
49,991
57,789
136,291
10,133
144,226
17,895
7,283

0.02
32.76
0.11
0.38
86.46

12.17
0.35
0.45
0.09
6.15

-683.41

11.74
0.02
20.98
38.91
14.39
446.55
0.54
1.88
0.07
0.23
<0.01
0.79
4.95
1.79
4.67
1.15
3.59
1,079.63
4.51
33.36
16.93
24.04
6.50
0.02
4.61
2,181.13
-0.17
196.85
1.29
19.83
107.48
1.14
4.37
471.30
50.10
39.20
3,081.66
23.74
27.43
87.37
3.65
79.52
12.44
8.62

0.02
2.71
<0.01
<0.01
4.41

0.78
<0.01
<0.01
<0.01

0.07

435.31

1.18
<0.01
0.26
2.51
0.65
9.75
<0.01
0.04
<0.01
<0.01
<0.01
0.07
1.31
0.05
0.42
0.01
0.10
9.97
0.84
1.06
6.31
2.01
1.66
<0.01
0.09
86.99
<0.01
16.53
<0.01
1.19
1.85
0.19
0.87
76.40
9.48
2.23
1,514.22
1.63
0.21
5.40
0.03
2.89
0.48
0.63

0.44
0.3
0.38
0.37
0.3

0.33
0.41
0.44
0.44
0.26

0.3

0.35
0.37
0.43
0.33
0.41
0.31
0.47
0.43
0.37
0.43
0.31
0.32

0.4
0.27
0.25
0.36
0.26
0.53
0.41
0.35
0.42
0.32

0.4
0.39
0.44
0.35
0.47
0.29

0.4
0.25

0.3
0.46
0.38
0.29
0.42
0.41
0.81
0.27
0.41
0.35
0.43
0.34
0.38
0.27
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n.e.c.
98 Other citrus fruit, n.e.c. 45,797 16.51 1.68 0.33
99 Other fibre crops, raw, n.e.c. 14,612 5.96 0.09 0.33

100 Other fruits, n.e.c. 238,616 170.32 11.68 0.28

101 Other nuts (excluding wild edible nuts and 19,695 11.42 1.27 0.33

groundnuts), in shell, n.e.c.

102 Other oil seeds, n.e.c. 206,233 150.69 21.95 0.24

103 Other pome fruits 66 0.01 <0.01 0.46

104 Other pulses n.e.c. 207,425 112.28 3.16 0.28

105 Other stimulant, spice and aromatic crops, n.e.c. 26,729 12.95 0.59 0.36

106 Other stone fruits 357 0.25 <0.01 0.33

107 Other sugar crops n.e.c. 4,710 4.43 0.85 0.34

108 Other tropical and subtropical fruits, n.e.c. 9,788 2.64 0.03 0.45

109 Other tropical fruits, n.e.c. 74,400 40.74 2.73 0.31

110 Other vegetables, fresh n.e.c. 432,775 300.59 14.77 0.29

111 Palm nuts and kernels 2,371 0.92 <0.01 0.5

112 Papayas 35,314 17.54 1.00 0.35

113 Peaches and nectarines 19,473 6.30 0.08 0.36

114 Pears 4,967 1.24 0.02 0.39

115 Peas, dry 86,499 30.69 2.56 0.39

116 Peas, green 23,677 12.80 0.22 0.39

117 Pepper (Piper spp.), raw 93,880 52.91 4.58 0.32

118 Peppermint, spearmint 25 <0.01 <0.01 0.35

119 Persimmons 3,259 0.86 0.02 0.36

120 Pigeon peas, dry 93,939 48.67 0.86 0.32

121 Pineapples 134,490 71.31 6.81 0.32

122 Pistachios, in shell 13,930 3.25 0.05 0.35

123 Plantains and cooking bananas 1,041,585 549.22 11.29 0.26

124 Plums and sloes 9,580 2.37 0.05 0.37

125 Pomelos and grapefruits 58,658 26.24 1.07 0.28

126 Poppy seed 553 0.14 <0.01 0.44

127 Potatoes 272,835 139.32 2.83 0.38

128 Pulses, n.e.c. 4,163 1.26 <0.01 0.46

129 Pumpkins, squash and gourds 46,664 30.42 1.74 0.33

130 Pyrethrum, dried flowers 2,450 1.70 0.08 0.31

131 Quinces 431 0.15 <0.01 0.41

132 Quinoa 107,696 51.55 0.56 0.42

133 Ramie, raw or retted 166 0.10 <0.01 0.36

134 Rape or colza seed 245,163 8.70 8.09 0.46

135 Raspberries 2,219 0.61 0.01 0.34

136 Rice 4,336,380 1,323.94 96.10 0.34

137 Rye 31,463 9.47 1.05 0.45

138 Safflower seed 42,984 8.89 0.18 0.34

139 Seed cotton, unginned 556,810 177.42 2.57 0.33

140 Sesame seed 331,689 111.91 2.38 0.37

141 Sisal, raw 10,458 3.30 <0.01 0.4

142 Sorghum 1,179,575 446.05 3.52 0.37

143 Sour cherries 472 0.13 <0.01 0.41

144 Soya beans 6,161,078 1,857.26 17.38 0.81

145 Spinach 24,348 23.18 3.02 0.33

146 Stimulant, spice and aromatic crops, n.e.c. 10,532 2.51 0.02 0.47

147 Strawberries 6,646 2.95 0.06 0.42

148 String beans 3,705 2.18 0.05 0.34

149 Sugar beet 12,511 4.46 0.26 0.44

150 Sugarcane 1,517,216 757.86 18.70 0.52

151 Sunflower seed 534,056 207.35 2.83 0.4

152 Sweet potatoes 293,997 191.62 8.99 0.28
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153 Tallowtree seeds 360 0.10 <0.01 0.34
154 Tangerines and mandarins 6,946 2.06 <0.01 0.47
155 Tangerines, mandarins, clementines 58,701 23.94 0.40 0.4
156 Taro 66,204 38.74 1.34 0.25
157 Tea leaves 164,011 76.56 2.06 0.44
158 Tomatoes 100,681 50.54 2.30 0.34
159 Triticale 21,921 7.96 0.53 0.45
160 True hemp, raw or retted 469 0.20 <0.01 0.4
161 Tung nuts 998 0.23 <0.01 0.36
162 Unmanufactured tobacco 168,139 87.43 8.90 0.39
163 Vanilla, raw 11,317 6.46 0.84 0.29
164 Vetches 4,110 1.48 0.02 0.41
165 Walnuts, in shell 30,858 7.96 0.12 0.37
166 Watermelons 138,008 102.52 10.47 0.32
167 Wheat 731,718 253.86 10.54 0.41
168 Yams 490,377 182.10 4.13 0.24
169 Yautia 2,741 1.47 0.04 0.33
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Supplementary Table 3 | Datasets used in this study and their description.

Datasets Spatial extent Spatlal' Temporal Refer
resolution resolution ences
Datasets used for spatial deforestation attribution
Global forest change-v1.10:  Global 30m 2001-2022 2
Tree cover (2000) and tree
cover loss (2001-2022)
Global plantation dataset* Argentina, Australia, Brazil, Cambodia, 30 m 1982-2020 9
(*Based on the spatial Cameroon, Chile, China, Colombia,
database of planted trees’)  Costa Rica, Democratic Republic of the
Congo, Ecuador, European countries,
Gabon, Ghana, Guatemala, Honduras,
India, Indonesia, Cote d'lvoire, Japan,
Kenya, Liberia, Malawi, Malaysia,
Mexico, Myanmar, Nepal, New
Zealand, Nicaragua, Nigeria, Pakistan,
Panama, Papua New Guinea, Peru,
Philippines, Rwanda, Solomon Islands,
South Africa, South Korea, Sri Lanka,
Thailand, Uruguay, United States,
Venezuela, Vietham
MapBiomas Collection Argentina, Bolivia, Brazil, Chile, 30m 2001-2022 (for all countries, 3
Colombia, Ecuador, French Guiana, except Bolivia);
Guyana, Paraguay, Peru, Suriname, 2001-2021 (for Bolivia)
Uruguay, Venezuela, Indonesia
Croplands Global 30m Aggregated temporally at i3
every 4-year intervals
between 2000-2019
Sugarcane Brazil 30m Aggregated temporally using 43
data for year 2016-2019
Soya beans South America 30m 2001-2022 RC
Rice Northeast and Southeast Asia 10m Aggregated temporally using a4
the data for year 2017-2019
Rapeseed Argentina, Europe, United States and 10m Aggregated temporally using <3
Canada data for year 2017-2019
Maize (corn) China 30m 2001-2020 46
Cocoa Cote d’lvoire and Ghana 10m Aggregated temporally using 1
data for year 2018-2021
Coconut Pan-tropical 20m 2020 47
Oil palm fruit Indonesia Vector 2000-2019 ¥
Malaysia and Indonesia* 100 m 2001-2018 48
(*not considered for Indonesia)
Pan-tropical 10 m 2019 al
Forest loss due to fire Global 30m 2001-2022 49
Forest management Global 100 m Aggregated temporally using &
data for year 2014-2016
Dominant drivers of forest Global 10 km Aggregated temporally using 20
loss data for year 2001-2022
Datasets used for statistical deforestation attribution
FAOSTAT-Land use Global Aggregated  1961-2021 13
(values extracted for at national
‘Cropland’ and ‘Permanent level
meadows and pastures’)
FAOSTAT-Production Global Aggregated  1961-2021 B
at national
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level
Forest Resource Global Aggregated 1990, 2000, 2010, 1
Assessment (FAO-FRA) at national 2015, 2016, 2017,
(for forest plantation) level 2018, 2019, 2020
Forestry statistics Taiwan Aggregated 2000, 2005, 2010, el
at national 2015, 2020
level
Brazilian Institute of Brazil Aggregated  1974-2022 2
Geography and Statistics at
(IBGE) municipality
level
Crop and grass loss Global 300 m 1992-2020 P
Datasets used for estimating carbon emissions
Aboveground biomass® Global 30m 2000 =3
(PUsed to estimate
belowground biomass®?,
deadwood and litter carbon
stocks*3)
Root-to-shoot biomass ratio  Global 1km Aggregated temporally using >4
datasets from several years
Soil organic carbon stocks Global 250 m Aggregated temporally using =2
datasets from several years
Peatland extent® Global 30m Aggregated temporally using 61
(°Globally aggregated datasets from several years
peatland extent is based on
refs.56-60)
Ecoregions Global Vector c2
Precipitation Global 5 km 1981-2022 63
Elevation Global 90m &
Other datasets
Database of Global Global Vector &
Administrative Areas-v4.1
(GADM)
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Supplementary Table 4 | Summary of the datasets and models used for deforestation and carbon emission comparisons in Fig. 2. A comparison of
deforestation estimates for major food commodities between this study, Pendrill et al., and Goldman et al. is presented in Supplementary Fig. 3.

Study or dataset

DeDuCE model
(present study)

Pendrill et al.%¢

Goldman et al.®s

Hoang et al.%? (uses
Curtis et al. 29)

Brief methodology

Input: Several remote sensing datasets and agricultural
statistics (see Supplementary Table 3)

Deforestation attribution model: Hybrid (Spatial and
statistical)

Carbon emission accounting: Hybrid (includes emission
due to loss of AGB, BGB, deadwood, litter, SOC, and
carbon stocks of replacing commodity)

Input: Spatial tree cover loss, agricultural statistics and
AGB stocks
Deforestation attribution model: Statistical

Carbon emission accounting: Statistical (includes AGB,
BGB, SOC and carbon stocks of replacing commodity)

Input: Spatial tree cover loss, commodity maps and
dominant driver of forest loss

Deforestation attribution model: Spatial

Carbon emission accounting: Not estimated

Input: Spatial tree cover loss, forest plantation mask
and dominant drivers of forest loss

Deforestation attribution model: Spatial

Carbon emission accounting: Not estimated

Scope and comprehensiveness of the output

Spatial and temporal coverage: Global (2001-2022)

Spatial aggregation: Deforestation and carbon
emission estimates aggregated at national level (sub-
national for Brazil)

Comprehensiveness of estimates: Commodity-level
estimates

Spatial and temporal coverage: Tropical countries
(2001-2018)

Spatial aggregation: Deforestation and carbon
emission estimates aggregated at national level (sub-
national for Brazil and Indonesia)

Comprehensiveness of estimates: Commodity-level
estimates

Spatial and temporal coverage: Global, though spatial
coverage limited to coverage of spatial datasets (2001-
2015)

Spatial aggregation: Deforestation estimates
aggregated at national level

Comprehensiveness of estimates: Commodity-level
estimates for EUDR commaodities (Oil palm, Soybeans,
Cattle meat, Wood fibre, Cocoa beans, Coffee and
Rubber)

Spatial and temporal coverage: Global (2001-2015);
however, results only included G7 member counties,
China, India, Brazil, Indonesia, Mexico, and remaining
G20 countries

Spatial aggregation: Deforestation estimates
aggregated at national level. Although it’s theoretically
possible to extract pixel-level emissions at 10-km
resolution

Accessibility, replicability and
updates

Data availability: Openly
available (V)

Code for replicability: Openly
available (V)

Updated post-publication: N.A.

Data availability: v
Code for replicability: Not
openly available (X)

Updated post-publication: Yes
(V'; now covers 2001-2018)

Data availability: Can be
requested from corresponding
authors (V)

Code for replicability: X

Updated post-publication: No
(X)

Data availability:
Code for replicability:
Updated post-publication: X
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Crippa et al.%®

Feng et al.%® (uses
Curtis et al. 29)

Curtis et al.?°
dominant driver
(on which Global
Forest Watch®!
estimates are
based)

Input: FAOSTAT statistics

Deforestation attribution model: Not estimated.
However, all land use and land-use changes from
FAOSTAT are considered.

Carbon emission accounting: Statistical (includes all
greenhouse gas emissions from the food supply chain)

Input: Spatial tree cover loss and dominant drivers of
forest loss

Deforestation attribution model: Spatial

Carbon emission accounting: Spatial (includes emission
due to loss of AGB, BGB, SOC)

Input: Spatial tree cover loss and field training samples
Deforestation attribution model: Spatial

Carbon emission accounting: Not estimates

Comprehensiveness of estimates: Not quantified at
commodity level

Spatial and temporal coverage: Global (1990-2018)

Spatial aggregation: Carbon emission estimates
aggregated at national level

Comprehensiveness of estimates: Not quantified at
commodity level

Spatial and temporal coverage: Tropical countries
(2001-2019)

Spatial aggregation: Carbon emission estimates
aggregated at national level. Although it’s theoretically
possible to extract pixel-level emissions at 10-km
resolution

Comprehensiveness of estimates: Categorised into
agriculture, forestry and other drivers

Spatial and temporal coverage: Global (Aggregated for
whole time series, 2001-2022)

Spatial aggregation: Dominant deforestation driver
estimates at 10-km resolution

Comprehensiveness of estimates: Dominant drivers of
deforestation are broadly classified as Commodity-
driven deforestation, Shifting agriculture, Forestry,
Wildfire and Urbanisation.

Data availability: v/
Code for replicability: X

Updated post-publication: v/
(now covers 1990-2018)

Data availability:
Code for replicability:
Updated post-publication: X

Data availability: v/

Code for replicability: / (only

initial code is available)

Updated post-publication: v/
(now covers 2001-2022)
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Supplementary Table 5 | Absolute values of deforestation and carbon emission estimates used for sensitivity analysis. The IDs will facilitate the
association of results from various sensitivity analyses archived on Zenodo (see data availability).

Broad
category

Sensitivity control

Sensitivity analysis (2001-2022)

Reference analysis (2001-2022)

Deforestation
(Total; ha)

Carbon
Emissions incl.
peatland
drainage
(Total; MtCO,)

Deforestation
(Total; ha)

Carbon
Emissions incl.
peatland
drainage
(Total; MtCO,)

Remarks

Forests are composed of trees established though natural regeneration. Conversion of these natural forests to other land uses is referred to deforestation. Forest plantations, i.e., forests
that are intensively managed for wood, fibre and energy, are excluded from this definition of forest.
This study: We define forest using tree cover threshold (225%; expressing canopy density for all vegetation taller than 5m in height within a pixel), with complete removal of tree cover

canopy in a pixel representing tree cover loss. Using spatio-temporal extent of forest plantation data, we exclude tree cover loss over forest plantations established prior to year 2000 (i.e.,
rotational clearing; Supplementary Fig. 6), thus, reflecting deforestation (i.e., loss of natural forests).

Sensitivity analysis: We modify tree cover thresholds, forest cover and deforestation data.

Lower tree cover threshold allows for

S1 Tree cover 2 10% 129,821,626 44,742
121,794,096 44,118 | inclusion of more forest loss pixels and
S2 Tree cover 2 75% 85,276,875 39,280 vice versa
Lower estimates are likely due to
differing methodologies in delineating
forests between JRC and Global Forest
S3 JRC Global Forest Cover 2020 12,088,808 3362 13,605,957 5577 Change. Slnc.e JRC forest covgr already
Forest and (compared only to estimates from 2020-2022) excludes agricultural plantations (e.g.,
. cocoa and oil palm plantations) from its
deforestation .
forest coverage, this could be the
possible reason for lower estimates.
JRC TMF deforestation accounts for
e
S4 (compared only for countries where TMF has 72,163,858 34,757 100,460,663 42,825 " gres .g 70
spatial coverage) classified as deforestation)’®, and
P 9 excludes loss over dry forests (unlike
GFC), thus being more conservative.
All dit
Forest All plantations from ( esct(/?r’:gzgs)l y 121,756,874 44,116 121,794,096 44,118 | Excluding all known forest plantation
S5 lantation SDPT established . reduces deforestation attributed to
P before the year 2000 (Forest plantation 16,961,350 =247 16,989,601 -248 | forestry activities

estimates only)

The lag between the clearing of forest and the establishment of a productive agricultural or forestry land can vary widely depending on several factors, including the method of clearing, the
intended use of the land, environmental conditions, and local agricultural practices.
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This study: With spatio-temporal data, we attribute forest loss to land-use with a higher rotation period within a 4-year moving window (i.e., maximum lag of 3-years from the year of forest
loss). The attribution is in the order of forest plantations, followed by woody perennial crops, pastures, herbaceous perennial and temporary crops. In statistical attribution, we use a lag

period of 3 years.

Sensitivity analysis: We modify spatial and statistical lag, and the combined effect of both.

S6

S7

S8

<9 Lag period

S10

S11

Spatial lag period = 1 year

(compared only for MapBiomas countries)

. . 60,479,552 25,915
- 70,013,04 29,557
(compared only for MapBiomas countries) 0,013,040 9,55

Statistical lag period = 1 year 120,912,241 43,749
121,794,096 44,118

Statistical lag period = 5 year 121,909,645 44,354

o | 05472 5o
B t’; tial Y dst t'pt' ag=5 67,161,919 28,469

oth spatial and statistical lag = 5 year 70,017,034 29,538

Longer lag period captures more delayed
land-use changes and vice versa

This study: We overlay several spatial datasets providing extent of specific commodities, land use and dominant drivers to attri

Sensitivity analysis: We analyse deforestation attribution using only Dominant Driver of tr

ee cover loss and only tree cover loss

bute forest loss.
dataset.

Partial statistical Global 171,153,029 61,534 121,794,096 44,118
attribution (Global 0il palm-Indonesia 9,326,754 5,900 7,790,477 4,250 ' .
512 Forest Change + ste d'Ivor Poor quality data that overlooks spatio-
Inclusion of Dominant driver + Cocoa-Cote d'lvoire 634,953 137 896,994 238 temporal heterogeneity. Furthermore,
spatial agricultural statistics) Soya beans-Brazil 11,589,175 4,835 3,461,413 1,021 | deforestation from non-agriculture and
f .g., mini igh
datasets Full statistical Global 226,530,991 76,377 121,794,096 44,118 szﬁi:;tis?ooir;f(ljtign, T;Zl:flgilriattes "
attribution (Global Oil palm-Indonesia 9,369,761 5,788 7,790,477 4,250 g tnes ’
S13 — not removed from attribution.
Forest Change + Cocoa-Céte d’lvoire 637,999 138 896,994 238
agricultural statistics) | 4 heans-Brazil 8,716,920 3,533 3,461,413 1,021
This study: We use sub-national agricultural statistics to improve granularity of forest loss attribution in Brazil.
Sensitivity analysis: We directly assess deforestation in Brazil using FAOSTAT national agricultural statistics.
Agricult Nati | icult | statisti
s14 | “Bricuure ational agricuitural statistics 38,375,103 17,013 38,329,216 16,997 | Different datasets
statistics (analysed only for Brazil)

Net land-use change shows the difference in total area between different time steps, while gross land-use change accounts for area gains and losses. In absence of spatio-temporal remote
sensing dataset, it is difficult to discern gross losses over agricultural land systems.
This study: We use crop and grass loss data and an assumption that cropland expands over pastures as a proxy to statistically assess gross land-use expansion for agricultural land systems.
Sensitivity analysis: We analyse deforestation attribution assuming cropland directly led to deforestation (and do not expand over pastures first), and using net expansion estimates derived
from agricultural statistics, not accounting for gross land-use change. Furthermore, we restrict (using only the right part for Supplementary equations (4)-(6) and don’t restrict (left part for
Supplementary equations (4)-(6) all land-use attributions.

Land-use

S15 .
expansion

Croplands do not expand over pastures,
directly forests

122,067,977

44,249

121,794,096

44,118

More crop-commodity driven
deforestation
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Net land-use change doesn't account for
losses in pasture and crops (such as

Net expansion for agricultural land systems 112,500,734 40,060 those resulting from crop failure), which
in turn reduces the contribution of these
commodities to deforestation estimates.

All statistical land-use attribution restricted Influences land-use expansion driven

S16 120,295,888 43,389 . . .
by FAOSTAT deforestation for certain and uncertain

Statistical land-use attribution not restricted mosaics (see Supplementary equations

17 147,103,2
S by FAOSTAT 103,233 >6,508 (4)-(6))
Multi-cropping: When two or more crops are grown on the same plot of land under different growing season.
Not accounting for Maize 724,624 207 535,248 153 | Not accounting for multi-cropping
harvested area from increases deforestation estimates for
s18 Multiple multiple cropping Beans 239,455 67 200,274 52 | commodities with higher harvested areas
cropping Potatoes 8534 3.17 5781 227 | (potentially due to proportional
(analysed only for , ’ . e
Brazil) commodity attribution in Supplementary
Groundnuts 7,730 2.48 8,323 2.73 | equation (9)-(12)), and vice versa.

Amortisation period conceptually spreads the consequences of deforestation across multiple years to accou

This study: We use a 5-year amortisation period.

nt for the enduring productivity of the

land.

S19

S20

S21

Amortisation
period

10 years (compared with amortised estimates

5,644,532

11 2
of year 2020) >,611,693 /089
15 years (compared with amortised estimates 5,739,464 2,160
of year 2020)
20 years (compared with amortised estimates 5,625,950 2134

of year 2020)

2,113

There is no universal global pattern, but
selecting an appropriate amortization
period can help reflect recent or
historical trends for specific countries or
commodities, such as changes in
commodity demand, production trends,
domestic consumption, and trade
dynamics.
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Supplementary Table 6 | Scoring individual datasets for attribution and quality assessment. The criteria for
the scoring methodology are detailed in Supplementary Table 11. Commodities are attributed in descending
order of their scores, starting with the highest-scored commodity and proceeding to the lowest.

Dataset Space Time Explicitness Score Special remarks
Oil palm fruit 1.00 1.00 1.00 1.00 Reduce the score by 0.05 for every year
(Indonesia) after 2019
Maize 0.90 1.00 1.00 0.97
(China)
Soya beans 0.80 1.00 1.00 0.93
(South America)
Sugarcane 0.90 0.70 1.00 0.87
(Brazil)
Oil palm fruit 0.65 0.90 1.00 0.85 Reduce the score by 0.05 for every year
(Malaysia) after 2018
Cocoa 0.95 0.60 1.00 0.85
(Céte d’lvoire and
Ghana)
MapBiomas 0.80 1.00 0.70 0.83 Includes only explicitly defined
collection commodities
(Commodities)
Rice 0.90 0.60 1.00 0.83
(Asia)
Rapeseed 0.85 0.60 1.00 0.82
(North America,
Canada, Europe
and Chile)
Oil palm fruit 0.75 0.40 1.00 0.72
(Pan-tropical)
Coconut 0.70 0.40 1.00 0.70
(Pan-tropical)
Global plantation 0.65 0.80 0.65 0.70
dataset
MapBiomas 0.80 1.00 0.30 0.70 Includes all land-use classifications
collection excluding commodities
(Land use)
Croplands 0.65 0.80 0.50 0.65
Forest loss due to 0.65 1.00 0.10 0.58 Dataset not used for attribution, but for
fire screening forest loss due to fire
Global forest 0.65 0.85 0.10 0.53
change
(Forest loss)
Dominant forest 0.10 0.70 0.40 0.40
loss drivers
Subnational stats 1.00 1.00 1.00 - We do not penalise this dataset when
flagging (equation (2))
FAOSTAT national 0.50 1.00 1.00 - Besides penalising the dataset based on
stats flags (equation (2); Supplementary Table

12), we further reduce the FAOSTAT
dataset score by ‘-0.50/3’ for both land
use and production statistics
individually.
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Supplementary Table 7 | Pre-processing and attribution assumptions for the spatial datasets.

Datasets

Pre-processing and attribution assumptions

Global forest change
Global plantation
dataset

MapBiomas Collection

Croplands

Sugarcane
Soya beans

Rice

Rapeseed

Maize (corn)

Cocoa

Coconut

Oil palm fruit (Indonesia)

Forest loss is only considered for pixels with tree cover > 25%

Only considered as forest plantation-driven deforestation if the start year of the dataset
> 2000. ‘Start year’ defines the year when the first plantation was established based on
the temporal extent of remote sensing datasets

Forest loss pixels classified with start year < 2000 are considered under rotational
clearing and excluded from deforestation attribution

Attribution: For this dataset, deforestation attribution is not temporally restricted
Forest loss is attributed to MapBiomas when a commodity-driven land use occurs within
a four-year window from the year of forest loss

In case of multiple land use changes occurring within this four-year window, forest
plantations will be prioritised over perennial crops, and perennial crops prioritised over
pastures, followed by temporary crops

If MapBiomas(t) land use is the same as MapBiomas(2000), we consider forest loss as
‘historical/rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2021
only for Bolivia; not restricted for other MapBiomas countries

Forest loss recorded from 2001 to 2003 is attributed to cropland only if cropland extent
is defined for the period of 2000-2003

Forest loss recorded from 2001 to 2007 is attributed to cropland defined for the period
of 2004-2007. The delay between forest loss and cropland extent is given to
accommodate for forest loss and establishment of cropland

Forest loss recorded from 2005 to 2011 is attributed to cropland defined for the period
of 2008-2011

Forest loss recorded from 2008 to 2015 is attributed to cropland defined for the period
of 2012-2015

Forest loss recorded from 2012 to 2019 is attributed to cropland defined for the period
of 2016-2019

Attribution: For this dataset, deforestation attribution (following above) is temporally
restricted to 2019

Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Forest loss is attributed to Soya beans when a Soya bean land use occurs within a four-
year window from the year of forest loss

Attribution: For this dataset, deforestation attribution is temporally restricted to 2022
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Attribution: For this dataset, deforestation attribution takes place to 2019

Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Forest loss is attributed to Maize when a Maize land use occurs within a four-year
window from the year of forest loss

Attribution: For this dataset, deforestation attribution is temporally restricted to 2020
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Cocoa and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2021
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Coconut and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2020
Forest loss occurring in the regions (i.e., delineated within a boundary) of Oil palm
plantations for the year 2000 are classified as ‘rotational clearing’, and these pixels are
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Oil palm fruit (Malaysia)

Oil palm fruit (Global)

Forest loss due to fire

Forest management

Dominant drivers of
forest loss

excluded from commodity-driven deforestation

Attribution: This dataset is not temporally restricted, thus assuming that if a forest loss
occurs in a pixel post-2019 (data’s temporal extent), we consider it as forest loss due to
Oil palm for that year

Forest loss is attributed to Qil palm when an Qil palm land use occurs within a four-year
window from the year of forest loss

Pixels of forest loss classified as Qil palm and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: This dataset is not temporally restricted, thus assuming that if a forest loss
occurs in a pixel post-2018 (data’s temporal extent), we consider it as forest loss due to
Oil palm for that year

Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Qil palm and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Forest loss pixels classified under ‘1. Forest loss due to other (non-fire) drivers’ are open
for attribution by other datasets

Forest loss pixels classified under ‘2. Low certainty of forest loss due to fire’ are open for
attribution by other datasets

Forest loss pixels classified under ‘3. Medium’ and ‘4. High’ certainty are excluded from
commodity-driven deforestation

Forest loss pixels classified under ‘5. Forest loss due to fire in Africa’ are excluded from
commodity-driven deforestation

Forest loss is considered ‘rotational clearing’ if the pixel falls under "20. Naturally
regenerating forest with signs of management, e.g., logging, clear cuts etc’, ‘31: Planted
forests (rotation >15 years)’, ‘32: Plantation forests (rotation <15 years)’, ‘40: Qil palm
plantations’ and ‘53: Agroforestry’

The above only applies to the spatial extent of countries covered in Supplementary Table
3 for ‘Forest management’

Forest loss pixels classified under ‘Commodity-driven deforestation’ and ‘Shifting
agriculture’ are considered under agricultural-driven deforestation

Forest loss pixels classified under ‘Forestry’ are considered under forestry-induced
deforestation

Forest loss pixels classified under ‘Wildfire’ and ‘Urbanisation’ are excluded from
commodity-driven deforestation

Pixels of forest loss classified by this dataset and overlapping with plantation mask are
considered under ‘rotational clearing’
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Supplementary Table 8 | Loss of soil organic carbon (SOC) across different land use and biomes. The values
represent the % loss of actual SOC. Note that for depths 30-100 cm, the data is scarce. Thus, we use the 0-
100 cm data to estimate SOC loss for 30-100 cm depth. We do this by assuming that SOC loss¢.100 cm = SOC
105S0-30 em + SOC 105530-100 cm-

Land use replacing forest (values in %)

Ecoregion Forest
Depth group Cropland Pasture plantation References

0-30cm Global 26.6 18 13 gLz

0-30 cm Tropical 29 4 22 73775

0-30 cm Temperate 31.4 4.15 15 Y

0-30cm Boreal 21 18" 13° 78
30-100 cm Global 13.8% 9.7% 23* Lzs
30-100 cm Tropical 15 2 7 75
30-100 cm Temperate 25 6.925* 19* e
30-100 cm Boreal 17.4* 13.85* 18*

"Imputed using global average estimates
#Values available for depths of 0-100 cm

*Calculated using the average of global and respective ecoregions 0-30m estimates; consider these values for 0-100 cm

Supplementary Table 9 | Plant carbon stocks of replacing commodities and commodity groups across

different biomes.

(Values in MgC ha')

Crop or Commodity group Tropical | Temperate | Boreal References
Cereals 4.44 3.15 80,81
Maize (corn) 6.3 E0
Rice 4.5 8
Wheat 2.3 <
Barley 5.5 82
Sorghum 4.12 EC
Millet 3.13 83
Edible roots and tubers with high starch or inulin 3 S
content

Cassava 4.5 84
Potatoes 0.5 e
Fibre crops 3.71 80
Natural rubber in primary forms 79.05 =e
Jute, raw or retted 3.9 80
Seed cotton, unginned 43 80
Forest plantation 120.23 130.99 96.07 52,87
Fruit and nuts 31.96 39.53 2E82
Apples 26.48 %0
Bananas 6.2 o
Cashew nuts, in shell 37.6 %2
Grapes 12.3 E
Mangoes 84.75 94
Oranges 7.69 22
Other citrus fruit, n.e.c. 20.65 23.73 a1
Plantains and cooking bananas 6.2 2
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Oilseeds and oleaginous fruits 31.96 | 39.53 88,89
Oil palm fruit 52.28 Se
Soya beans 3 80
Sunflower seed 1.1 80
Groundnuts, excluding shelled 1.1 80
Olives 5.3 20
Coconuts, in shell 57.38 65.93 a1
Pasture 6.8 E0
Pulses (dried leguminous vegetables) 1.56 80
Beans, dry 2.39 £
Chick peas, dry 1.28 83
Cow peas, dry 1.82 £
Pigeon peas, dry 3 8
Lentils, dry 1.25 &
Peas, dry 0.9 80
Stimulant, spice and aromatic crops 31.96 39.53 88,8
Coffee, green 77.12 7
Cocoa beans 34.55 22
Tea leaves 21.06 99
Sugar crops 10.17 Average of
commodities in

the group

Sugar beet 8.32 85
Sugar cane 12.02 co
Vegetables 0.43 101
Cabbages 1.65 =0
Lettuce and chicory 1.15 102
Tomatoes 3.48 o
Cauliflowers and broccoli 4.05 102

Supplementary Table 10 | Emission factor used to estimate carbon emissions from deforestation on
peatlands. Emission factors from ref.3* are based on IPCC Wetland Supplement®2,
(values in MgCO; ha? yr?)

Land use replacing forest Tropical | Temperate Boreal References
Cropland 45 28.6 27.9 34
Pasture 37.4 17.95 20.2 £
Forest plantation 40.34 2.5 6.42 3233
Oil palm fruit 54.41 EH
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Supplementary Table 11 | Criteria’s for scoring different aspects of spatial datasets.

Aspect Criteria Penalisation
Space Perfect score is given when the pixel size is < 10m and is explicitly mapped for a 0
(representing country
both resolution | Resolution of 20 m -0.05
and area of Resolution of 30 m -0.1
focus) Resolution of 100 m -0.3
Resolution of 1 km -0.5
Resolution of 10 km -0.75
Mapped for two countries -0.05
Mapped for more than two countries or a continent -0.1
Multiple continents -0.15
Mapped globally -0.25
Time Perfect score is given when the dataset is available from 2001-2022 for 0
(representing herbaceous crops, and at least the year 2000- or prior-onwards for woody
temporal vegetation crops (i.e., tree crops) and forest plantations (allowing for
resolution and differentiation between post-2000's deforestation from the rotational clearing
standalone of managed plantations)
ability of the For tree crops and forest plantations, deforestation is not differentiable from Using Du et al: -0.1
data to rotational clearing (need to be complimented with plantation mask to extract Using Lesiv et al: -0.2

differentiate pre-

this information)

and post-2000's | After the latest detection year (in cases allowed) -0.05 each year
deforestation) Temporal aggregation based on a single year of remote sensing dataset -0.3
Temporal aggregation based on 2-3 years of remote sensing dataset -0.2
Temporal aggregation based on 4-6 years of remote sensing dataset -0.1
Temporal aggregation based on >6 years of remote sensing dataset 0
Temporally-explicit estimates every 2-3 years between 2001-2022 -0.1
Temporally-explicit estimates every 4-6 years between 2001-2022 -0.2
Temporally-explicit estimates >6 years between 2001-2022 -0.3
Starting year of detection is 1-5 years away from 2001 (i.e., the first year of -0.05
analysed deforestation)
Starting year of detection is 6-10 years away from 2001 -0.1
Starting year of detection is 11-15 years away from 2001 -0.15
Starting year of detection is >15 years away from 2001 -0.2
Explicitness Perfect score is given to datasets that maps a single commodity, where model 0
(representation | training is performed using field samples
of the When training is primarily based on remote sensing trends, without using field -0.5
deforestation samples (including visual interpretations)
driver and When multiple commodities or land uses are predicted by the same model -0.1
consideration using the same field samples
given to training | Dataset maps two or more than two commodities (differentiable) -0.2
algorithm of the | Dataset maps a single land use -0.3
data) Dataset maps two or more than two different land uses (differentiable) -0.4
Dataset maps two or more than two different land uses (indifferentiable, i.e., -0.6
mosaics)
Information about forest loss drivers is unavailable -0.9
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Supplementary Table 12 | The FAO flags, their description and associated penalisation. A detailed
description of FAO flags is documented in ref.1%, Since our statistical attribution relies on the expansion of
land-use and commodities, we obtain flags for two years (t+/ag and t; see Supplementary equations (1) and
(9)). In the quality assessment, we use the flag with the lower penalization between the two.

Flag Description Penalisation

A Official figure: Value provided as official when the source agency assigns sufficient confidence 0
that it is not expected to be dramatically revised

B Time series break: Observations are characterised as such when different content exists or a -0.10
different methodology has been applied to this observation as compared with the preceding
one

E Estimated value: Observation obtained through an estimation methodology or based on the -0.20
use of a limited amount of data

| Imputed value: Observation imputed by a receiving agency to replace or fill gaps in reported -0.30
data series

P Provisional value: An observation is characterised as "provisional" when the source agency — -0.40
while it bases its calculations on its standard production methodology — considers that the
data, almost certainly, are expected to be revised

T Unofficial figure: Observations are "temporary" or "tentative", indicating that the figure -0.40
should be used with caution and may be subject to revision or replacement with official
statistics once they become available.

X Figure from international organisations: Observation from an international or a supranational -0.50
organisation that does not use any flagging system in data sharing

M Missing value: Used to denote empty cells resulting from the impossibility to collect a -0.70
statistical value

Z Authors gap filling: Gap filled by authors of this study (not part of FAOSTAT flags) -0.70
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