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Soybean farming—providing protein-rich feed for farm animals worldwide—is the third largest driver
of tropical deforestation and expanding. Importing economies are considering regulating the trade of
soybeans and other deforestation-driving commodities, and trading companies will be required to
conduct due diligence to ensure compliance. However, complex supply chains obscure provenance,
and origin declarations may be falsified. Here, leveraging Gaussian Process modelling and a
georeferenced dataset of isotopic and elemental composition of soybeans from across the main soy
growing areas of South America, we identify soybean origin to within 192.52 ( ± 23.51) kilometres from
the true harvest location. The average 95%Credible Regions reduces prediction uncertainty to within
3.8%of the area considered for prediction. Our spatially explicit model is a leap forward in commodity
traceability, enabling both origin determination and verification of origin claims in true geographical
space. Applicable to many commodities, this framework provides transparency regardless of supply-
chain complexity, and facilitates effective regulation of commodity supply chains to tackle illegal
deforestation.

Despite multi-national, governmental and corporate pledges, global
deforestation remains alarmingly high, driven primarily by agricultural
expansion1,2. Tropical forests are hardest hit by agricultural encroachment,
and have lost 3.7 million hectares (Mha) to agricultural expansion in 2023
alone3. The demand for seven internationally traded “deforestation-driving
commodities” (DDCs) has driven the loss of 71.6Mha of tropical forest
(twice the size of Germany) between 2001–2015, of which 63%were cleared
for beef pastures, 14.5% for oil palm plantations, 11.5% for soy, and 11% for
cocoa, coffee, rubber and wood plantations combined1,2,4,5. Agriculture-
driven deforestation disrupts regional and global climate patterns6–8,
imperils biodiversity9–11 and threatens livelihoods12–15, which undermines
international sustainability efforts such as the Paris Agreement, Kunming-
Montreal Global Biodiversity Framework and multiple UN Sustainable
Development Goals, and others.

Soybean is a cornerstone in global protein production, used mainly as
feed for farmed poultry, pork and fish16,17. Soybean production is export-
driven, providing crucial protein for consumer countries and dependable

income for producers13,18–20. Brazil, the world’s largest soybean producer,
exported more than 80% of its soybean harvest in 2023/24, generating US
$61 billion in revenue—the country’s largest export and 19.3% of its total
exports20,21. Soybean farms covered 140Mha in 2023/24—a 9.6% increase in
area in 1 year, the largest consumers being China and the European Union
importing 120 million tons (Mt) and 33 Mt, respectively—30% and 8% of
the global production16,20. The trade tariffs newly imposed by the US—the
second largest soybean exporter—are already increasing demand for South
American soybeans, which is not expected to subside22. The ever-increasing
demand for soybeans is not met by yield improvement and drives rapid
farmland expansion, particularly in the tropics5,23. Despite efforts to reduce
soybean-driven deforestation, such as the Amazon Soy Moratorium24 and
Cerrado Manifesto25—whereby traders sourcing soy from these regions
pledged to eliminate deforestation from their supply chains, forest loss
remains unsustainably high23,26–31.

To address commodity-driven deforestation, consumer economies are
considering introducing restrictions on trading in and importing DDCs,
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timber, and their products32–34. Building on lessons learnt from efforts to
regulate the illegal timber trade, the European Union developed Regulation
(EU) 1115/2023 (known as the European Union Deforestation Regulation
—EUDR), which requires large companies trading in seven DDCs to prove
that the products they trade do not originate from areas deforested after
2020 or contribute to forest degradation. To do this, the EUDR requires the
companies to carry out due diligence, including collecting and reporting
precise geolocation coordinates and time of harvest for DDC provenance34.
However, DDC supply chains are notoriously complex, which obscures the
commodities’provenance35, anddeclarationsof origin are liable to fraudand
misrepresentation36–39. The recent US trade tariffs may provide additional
financial incentive for origin misdeclaration. Competent Authorities are
therefore tasked with conducting compliance checks using “any technical
and scientificmeans adequate to determine” the exact place of production34.

Analytic techniques for origin traceability are based on the correlation
between the chemical composition (“fingerprint”) of tissues and the
environmental conditions inwhich the organismgrew40–42, andmay be used
for verification of a declaration of origin, if one exists, or for origin deter-
mination if not. Recent advances in traceability techniques have achieved
impressive prediction accuracy and error reduction, largely due to high-
precision measurement of stable isotope ratios (SIR) and trace elements
(TE) in the examined material39,43–45. Subsequently, Machine Learning
algorithms have proven to be instrumental for origin identification efforts
based on such high-dimensional data39,43,45. The distributions of the spatially
informative stable isotopes (2H, 13C, 15N, 18O, 34S) in plants are governed by
atmospheric fluctuations in temperature and precipitation, and vary over
large (tens of kilometres) spatial scales40,42, whereas informative trace ele-
ments have patchier distributions (ranging from metres to kilometres in
scale) that vary with the physical properties of the soil46,47. Thus, combining
stable isotope ratios and trace elements enhances the accuracy of origin
estimates44, but extracting both is costly, and analysing such complex data
requires powerful models.

Nearly all Machine Learning models to date have posed the origin
determination problem as a classification task, where the predicted origin is
selected from a short list of pre-determined locations, most often
countries45,48. Classification studies at sub-national level are increasing38,43,49,
but remain constrained by the inherent shortcomings of classification
models. First, classification cannot generalise to unfamiliar data: prediction
is limited to the classes (=locations) that appear in the training data50, which
restricts the spatial scope of themodel and precludes intermediate locations.
Second, the compositional similarity between two plants decreases with the
distance between them40,42,46,47,51, but classification models are oblivious to
real-world distances and relative positioning. These make classification
models poorly equipped for tackling traceability problems where accurate
origin estimates are needed.

Gaussian Process (GP) models estimate the covariance between
observations as a function of the geographical distance between them50,52, so
that the study area is explicitly considered as contiguous rather than a few
pre-selected locations. This enables computation of the probability of
observing a given chemical fingerprint at any point in that area, fromwhich
the harvest location of the sample can be estimated using Bayes’ theorem.
This approach has been applied to origin tracing of wood from long-lived
tree species within their natural range39,52, but not to short-lived annual
crops cultivated globally, for which traceability still relies on non-spatial
classification models38,45,48,49.

Here, we develop a powerful GP regression model and apply it in a
Bayesian framework to a set of georeferenced stable isotope ratios and trace
elements data, to determine the harvest location of soybeans (Glycine max
(L.) Merr.) from across the soy-producing regions of Brazil, Argentina and
Bolivia. These countries collectively account for 60% of global soybean
exports and >90% of soybean-linked deforestation20,53. South America
encompasses most of the global soybean production, in multiple neigh-
bouring countries—a setup that is the most challenging for provenance
prediction, and therefore the most appropriate for testing a new model.
Classification models based on chemical composition data can successfully

distinguish between soybeans from different continents45,48, but plants from
nearby origins are much more challenging to tease apart. We show that,
despite predicting onto a large study area, this method matches or exceeds
the origin determination accuracy of classification models; it outperforms
them by featuring spatial quantification of uncertainty, and its predictions
can be explained to identify the most informative stable isotope ratios and
trace elements for soybean origin traceability. This framework can support
companies in upholding environmental commitments and empower
national and international authorities to effectively enforce supply chain
regulations.

Results
Origin determination models
Wemeasured the stable isotope ratios (SIR) and trace elements (TE) profiles
of 267 soybean samples from across its region of cultivation in several South
American countries (Fig. 1) and generated three datasets: SIR-only, TE-
only, and SIR+ TE data. We fit the origin identification model to each
dataset using a 5-fold cross-validation (CV) study design. The SIR-only
model generally inferred harvest origin (revealed by the allocation of pos-
terior probability) over large areas, whereas the TE-only model generated
more concentrated spatial predictions. We quantified the models’ predic-
tion quality using two performancemetrics: the distance between true- and
predicted harvest location (prediction error hereafter), as an index of
accuracy (lower error indicates higher accuracy), and the 95% Credible
Region (CR)—the smallest area that includes 95% of the posterior prob-
ability—as an index of precision. The combined SIR+TEmodel surpassed
both other models in prediction accuracy and precision (Fig. 2).

The cross-validated (mean) prediction error was 301.24 (sd: ±87.61)
km based on the SIR-only model, 316.82 (±105.52) km for the TE-only
model, and 192.52 (±23.51) km for the SIR+ TE model. The prediction
precision was 6.9 (±1.3) * 106km2 in the SIR-only model, 4.5
(±1.7) * 106km2 in the TE-only model, and 0.44 ( ± 0.28) * 106km2 in the
SIR+ TE model. In all three models, prediction accuracy and precision
varied widely across samples, but the models differed in how that variation
was distributed. The prediction error medians (one per CV fold) of the
SIR+ TE model differed significantly from the medians of either the SIR-
only or TE-only model (two-sided Kolmogorov-Smirnov test, p < 0.008),
which were statistically indistinguishable from each other (p = 0.873). A
similar patternwas observed in the extent of the 95%CR,where themedians
of the SIR+TEmodel were significantly smaller than those of the SIR-only
or TE-only models (two-sided KS test; p < 0.008 in both cases). Across all
CV folds, the performance metrics of the SIR+ TE model were always the
lowest of the three models, demonstrating its consistently superior pre-
dictive ability.

We present six prediction maps from the SIR+ TEmodel to illustrate
the range of prediction results in a spatial context (Fig. 3). Thesemaps show
the posterior probability distribution for samples that achieved the highest-,
median-, and lowest score on each of the performance indices. The simi-
larity between the median prediction and the highest scoring prediction on
either index scale, and the dissimilarity of the respective lowest scoring
prediction, illustrate the pronounced skew of the SIR+TE prediction
quality distributions towards high accuracy and high precision (Fig. 2).

Quasi-classification for comparison with other studies
Toenable comparison between theGPmodel here and classificationmodels
in other studies, we assigned each prediction to the country indicated by the
coordinates of the posterior mode (“Quasi-classification tests” section;
Supplementary File 1). For each data type (SIR, TE, SIR+ TE) we used a
“One-vs.-Many” framework to assess the classification results and calcu-
lated the accuracy, precision, sensitivity, specificity and F1 scores (Table 1).
The TE and the SIR+ TE models achieved the same overall prediction
accuracy of 0.884,whereas that of the SIRmodelwas 0.798.Country-specific
classification accuracy forArgentinawas highest with the TEmodel (0.944),
whereas forBolivia andBrazil itwas highestwith the SIR+ TEmodel (0.951
and 0.929, respectively). The TE model scored highest for precision,
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sensitivity, and F1 scores for Argentina, and for precision, specificity, and
F1 scores for Brazil. For Bolivia, the SIR+TE model achieved the highest
precision, specificity, and F1 scores, whereas for sensitivity the highest score
came from the SIR model—the only instance of the SIR model out-
performing the other two (Table 1).

We mapped the quasi-classification results onto geographical space to
assess whether there are specific regions associated with erroneous predic-
tion. Expectedly, all models show higher rates of erroneous predictions near
political borders (Fig. 4a–c), where a small error could place a prediction
across the border from its country of origin. The error rates of the SIR+TE
model were lower than those of the SIR-only or TE-only models, andmore
concentrated near the Brazil-Argentina border, where the borders of
Paraguay and Uruguay also make misclassification more likely. For further
considerations on quasi-classification see Supplementary File 1.

Predictor contribution and model explainability
We performed five-fold cross-validated SHAP analysis to assess the unique
contribution of each predictor to the origin prediction of each sample

(Fig. 5). The three most important predictors of both longitude and latitude
are δ2H in lipids, 60Ni and 137Ba, although the order of these varied between
longitude and latitude. The next three most important predictors were 27Al,
59Co and δ34S (in varying order as well). The least informative predictors for
both longitude and latitude are 55Mn and 85Rb, and 88Sr is third- and fourth
least informative for latitude and longitude, respectively. The ranking of the
remaining predictors was less consistent between longitude and latitude.

Discussion
This study is, to our knowledge, thefirst toprovide a probabilistic estimation
of the harvest origin of an annual crop.We applied a continent-widemodel
based on georeferenced isotopic and elemental datasets of soybeans from
across the main soy growing areas, representing >94% of South American
soy production. Our analytic pipeline, using georeferenced stable isotope
ratios and elemental composition measurements with a powerful geosta-
tisticalmodel, provides spatially explicit originpredictionswithprobabilistic
indicators of uncertainty. It enables recent and upcoming policies to
advance DDC traceability and supply-chain transparency and will support

Fig. 1 | Map of the study area showing the harvest locations of 267 soybean
samples used in this study. The colour of each 1° x 1° grid cell represents the
number of samples collected within its boundaries. The 1° x 1° grid cells are only
used in this figure to protect farmers identity; modelling and spatial prediction were
carried out on 0.133° x 0.133° grid cells. BACS stands for Best Available Crop-

Specific masks (given at a 0.05° resolution). Green shading represents relative
abundance of soybean farming. Soybean productionmap from theUSDA20, accessed
on 19/01/2026 at: https://ipad.fas.usda.gov/cropexplorer/cropview/
commodityView.aspx?cropid=2222000.
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verifying commodity provenance as supply chains undergo increased
scrutiny to enforce trade tariffs.

The spatial accuracy- and precision- of prediction that we present are
not comparable with previous efforts as no other soybean origin tracing
approach considers contiguous space54 and classification models cannot
produce spatial predictions. The prediction accuracy and precision here are
similar to recent findings for European tree species, where an SIR+TE
model reduced prediction error from ~300 km to ~200 km compared to
SIR- or TE-based models39. Using a comparable dataset (267 soybeans vs.
174–302 tree samples), our predictions are similarly accurate, indicating the
model’s robustness and the approach’s economic efficiency as a longer-term
policy tool.

Explainability of Machine Learning models facilitates greater public
trust, which is paramount given the magnitude of economic and societal
implications of regulating DDC trade55,56. Using SHAP analysis we identi-
fied the most informative SIR and TE predictors in the data, towards
establishing a minimal set of predictors for accurate soybean origin deter-
mination. We verified the selection of predictors through models with
various permutations of the set of predictors, ranging from all informative
predictors (those with >5 different values across all samples) tomodels with
fewer predictors, but the selected 22 predictors that we report here per-
formed best in terms of prediction accuracy and precision. Limiting sub-
sequent data generation to that minimal set will reduce the per-sample cost
of analysis, testing time and technical skills required, and facilitate rapid
testing with minimal disruption to trade.

Benchmarking against other approaches
To facilitate comparison of model performance with previous studies, we
carried out quasi-classification experiments to obtain True/False prediction

results. This ad hoc addition is meant only for contextualising our study.
Traceability has so far focused on identifying country of origin becausemost
regulations were satisfied with country-level declarations of origin. We,
however, aim to identify harvest location independent of country bound-
aries, in line with EUDR. We have included here a quasi-classification
experiment, to compare the performance of this method against pre-
vious (classification-based) studies on agricultural commodities, which do
not provide spatially indicative information.

Soybean harvest origin is currently estimated using classification
models, which often consider sets of non-adjacent countries—for example,
Brazil-Canada-USA-Vietnam48 or Argentina-Brazil-China-USA45—argu-
ably detecting continent of origin rather than country. Plants’ chemical
composition varies widely between distant locations40,42,51, inflating classi-
fication accuracy in long-range studies. Attempting classification over small
distances, particularly across arbitrary land borders, yields much higher
misclassification rates49,57, highlighting the trade-off between spatial gen-
eralisability andpredictionaccuracy.Our spatially explicitmodel overcomes
this trade-off, as demonstrated by achieving quasi-classification accuracy
and precision scores (both >88%) that are comparable to classification-
based soybean traceability studies, while additionally providing an intuitive
probabilistic estimate of prediction uncertainty. Unlike classification
models, ourmodel is spatially generalisable irrespective of arbitrary borders,
as demonstrated by predictions in Paraguay and Uruguay, neither of which
are represented in the dataset. Border-related prediction error is evident in
all our models (Fig. 4), whether it is a sample’s true origin that is near a
border (error of type “false negative”) or the predicted origin (“false posi-
tive”). These errors mostly overlap in the SIR+ TE model, meaning that
samples harvested near a border are also predicted to come from near that
border, although not always on the correct side of it. The difficulty to

Fig. 2 | Model performance metrics of three origin estimation models for soy-
beans. Performance metrics calculated from amodel based on SIR data only (pink),
a model based on Trace Elements data only (blue), and a model combining SIR and
TE data (yellow). Boxplots show median values, quartiles, and outliers of the pre-
diction error index (a) and the area of 95% Credible Region as prediction precision
index (b) across all samples. Diamonds denote median values of individual cross-
validation folds. Outliers (green dots) are values greater than 2*IQR. Distribution

curves corresponding to the boxplots are colour-coded accordingly and illustrate the
density of the indices. Insets corresponding to the dashed boxes show the dis-
tribution ofmedian values of the cross-validation folds. The distributions ofmedians
from the SIR+ TE model are significantly different from the SIR-only or TE-only
models (two-sided Kolmogorov-Smirnov test; p < 0.008). Lower median values of
both performance indices across all cross-validation folds demonstrate the superior
predictive ability of the SIR+ TE model.
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Prediction error

- True origin
- Predicted origin

Area of 95% CR

Fig. 3 | Predictionmaps of themost, median, and least accurate predictions from
the SIR+ TE origin determination model. Maps show the most- (a, d), median-
(b, e), and least accurate (c, f) predictions of the SIR+ TE origin determination
model, based on the prediction error metric (a–c), and on the size of the 95%
Credible Region (d–f). True harvest location is marked by a green star, and the
location of the posterior mode is marked by a red “+”. Regions where expected

soybean yield (FAO and IIASA, 2021), as a proxy for suitability for commercial
soybean farming, is lower than 2000 kg dry weight per hectare were excluded from
the prior (shown inwhite). For both indices, themedian values (b, e) are closer to the
most accurate prediction (a, d) than to the least accurate prediction (c, f), demon-
strating the model’s high predictive power for most soybean samples.

Table 1 | Quasi-classification performance evaluation metrics for origin determination models

The metrics are based on SIR, TE, and SIR+ TE models, and assigned to countries based on harvest location or coordinates of posterior mode. Country-specific values were calculated by dichotomising the
underlying confusionmatrix to focus on that country while grouping together the other two.Global accuracy (proportion of samples assigned to the correct country) is shown in italics.Macro-precision is in bold.
The highest-scoring model for each country is shown in shaded cells.
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correctly predict the origin of samples near borders underscores the need for
a shift to spatially explicit models.

The quasi-classification results support previous findings that soybean
elemental profiles are more indicative of country of origin than stable iso-
tope ratios54. Expectedly, however, the quasi-classification prediction
accuracy dropped near borders, illustrating a fundamental shortcoming of
classification-based traceability. As elemental availability depends on soil
properties rather than atmospheric factors, it may be more stable year-on-
year, making trace elements particularly useful for predicting harvest origin
of annual crops, although intra-annual variation has been found in beech
trees58.We hope that future studies examine seasonal and annual variability
in isotopic and elemental content of soybeans and other crops in detail, to
provide useful information for fine-tuning traceability models. We expect
that even with heavy inputs from farming practices, trace element levels
should not fluctuate radically as the farmer aims for the same optimum soil
conditions year on year. As different varietiesmay differentially take up soil
elements due to divergent root traits, for example, amore industrialisedcrop
would likelyhave a smaller pool of agrobiodiversitywhichmaymake itmore
difficult rather thaneasier to trace.Althoughgenetic uniformityof industrial
crops may reduce among-individual variation in soybean chemical com-
position, annual environmental variationsmay still necessitate adjusting for
year of harvest in origin determination efforts.

The analytic pipeline here relies on initially creating a reference dataset
that powers the model’s predictions. When generating predictions in
regions that are very far from reference data, the model may require addi-
tional data such as environmental predictors to support its predictions. For
example, as heavyHydrogen andOxygen isotopesmostly emanate from the
oceans, the ratio of these isotopes in rainwater decreases with elevation and

distance from the coast42,51, governed by precipitation patterns, soil water
retention and so on. Such auxiliary information may help predicting stable
isotope ratios far from training data points, but has its own uncertainty
which is propagated into the soybean origin prediction. We constructed
extended models, including climate and soil variables as predictors of the
isotopic and elemental distributions used for the origin determination
model. For each stable isotope and elemental predictor included in the
model we specified an independent GP model with up to three environ-
mental variables that are hypothesised (based on literature) to drive its
spatial distribution.

We constructed one SIR model with climatic predictors and one
SIR+TE model with climatic and soil predictors (Supplementary File 1,
Sections 3 and 4). Although more complex, the extended models demon-
strated lower prediction accuracy and precision compared to the SIR+TE
model (Supplementary File 1, Section 3). This is similar to the findings of a
recent study on oak trees from the USA, where a model including climate
variables was outperformed by amodel based on stable isotope ratios alone52.
It may be due to several factors, such asmis-specified statistical links between
environmental predictors and isotopic/elemental content, as detailed litera-
ture for soybean is lacking. Another possibility is that high variability in the
environmental data caused high uncertainty in the modelled relationships,
resulting in less stable predictions. Nonetheless, we believe that environ-
mental data could be useful for traceability, but further research is needed for
identifying how to best incorporate it into the modelling framework.

Deforestation regulations enforcement
This study provides, to the best of our knowledge, the only tool to date for
accurate identification of crop harvest origin at large scales. Tools such as

Fig. 4 | Categorised predictions based on origin determination models (quasi-
classification). Predictions are based on SIR data (a, d), TE data (b, e), or SIR+ TE
data (c, f). The origin prediction was considered correct if the predicted harvest
coordinates pointed to the country from which the sample was taken. Grid cell
colour in a–c indicates the proportion of false predictions out of all samples

harvested in that pixel. Grid cell colour in d–f indicates the proportion of false
predictions out of all samples predicted to that pixel.We pooled data into 1° x 1° grid
cells to protect farmer identity. All models show higher rates of incorrect country
assignment near borders, but this effect is less widespread in the SIR+ TE model.
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this are instrumental in enabling the effective enforcement of regulations
designed to improve supply chain transparency and traceability, and in
supporting operators preparing for the introduction of precise provenance
requirements such as in the EUDR.

While our GP model predicts provenance with high accuracy, preci-
sion, and transparency, it has limitations. First, nearly half of the model’s
predictions are >200 km from the true harvest location. In some regions, the
distinction between recently deforested and previously cleared blocks of
land requires higher prediction accuracy than is currently achieved by the
model23,27. Increasing prediction accuracy near deforestation fronts—where
legally- and illegally-cleared plots often intersperse—may require additional
data inputs, such as from remote sensing, or denser sample collection.
However, sampling near deforestation fronts is logistically and financially
challenging, farmers in such areas are often unwilling to donate samples,
and collectors may face hostility. Although high precision traceability is
likely to be more effective when carried out closer to the harvest origin,
random sampling of shipments and imports (provided that rigorous sam-
pling is undertaken) may be sufficient to identify soybeans from areas
flagged for illegal deforestation. The deforestation legislation therefore aims
to employ multiple tools to verify the origin of commodities rather than
relying on a single source of information. Second, this model can indicate
the harvest origin of a sample by direct prediction (origin determination) or
by discounting unlikely locations (origin verification). Accuracy could also
be improved by incorporating into the priors high-resolution remote-sen-
sing data on land-use59 and forest clearing (Global Forest Watch: https://

www.globalforestwatch.org/map/), to delimit the range of plausible harvest
locations. Additionally, local sources of information may help, as demon-
strated by the ‘Soy Working Group’ underpinning Brazil’s Amazon Soy
Moratorium, who keeps a register of soy-growing farms, and combines it
with satellite imagery, field visits and production records to assess violations
of the moratorium27. Each additional source of information will further
increase the overall prediction quality of the model. The technology we
describe here is not meant as a “silver bullet” but is a powerful technique to
be added to the suite of tools available to law enforcement authorities and
other stakeholders.

There are, however, obstacles on the way to adopting this technology,
such as funding and logistics of the testing operations or managing com-
modity admixture in shipping, and adaptationswill need to take place along
the supply chain. Trace elements analysis currently costs 50–120 USD per
sample, for stable isotope ratios it is 200–500USD, depending onhowmany
samples are analysed, how many variables are measured, and which vari-
ables those are. Strontium isotopes ratio analysis (87Sr/86Sr; not performed in
this study) costs about 250USD per sample as well, andmay be particularly
useful for traceability47, unlike Sr content per se. Although each sample is
costly to obtain and analyse, the model we present can minimise the size of
the reference dataset by predicting beyond the data points, which effectively
replaces physical samples with statistical inference.

Naturally, high precision traceability is likely more effective when
testing closer to the harvest origin, but sampling at local or regional
aggregation facilities is logistically complex. However, random sampling of

Fig. 5 | Explanatory value for longitude and latitude prediction from a five-fold
cross-validated origin determination model using SIR+ TE data. Explanatory
values for longitude (left) and latitude (right) prediction are ordered by the mag-
nitude of impact on model output (largest at the top). Dots denote the cross-

validated SHAP value for the prediction of the origin of each sample. Colours
represent the value of the feature (predictor variable) in each sample, and SHAP
values indicate the effect of the feature’s value on the resulting prediction of harvest
origin.
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shipments and imports (provided that rigorous sampling is undertaken)
may be sufficient to identify soybeans from areas flagged for illegal defor-
estation. Bad actors may try to blend commodities from legal and illegal
sources, but randomsamplingmay force them tokeep theblending to a very
low ratio to remain undetected. Additionally, the EUDR operates on an
individual “product” level not a shipment/container level, so an origin claim
for a container must list all harvest locations that contributed to its content.
Similar legislation for the timber trade (European Union Timber Regula-
tion; EUTR) achieved broad uptake by the timber industry of chemical
testing for origin traceability. Ultimately, achieving traceability in currently-
opaque supply chains will require operational modifications (hence the
industry’s strong pushback against EUDR), but regardless of where along
the chain the testing is done—all that our method requires is the bean itself
and the origin claim. The analysis of whole beans in our study ensures a
scalable approach from the start to the end of the supply chain.

The utility and consequences of DDC origin determination tools
remain uncertain as the legal frameworks are not yet implemented and the
issues they address change rapidly. The EUDR currently refers to defor-
estation where canopy cover exceeds 10%, excluding other wooded at-risk
ecosystems like the Chaco and the Cerrado biomes. The Cerrado—a mega-
biodiverse savanna with varying levels of tree cover—has been undergoing
devastating land clearing in the two decades since the Amazon Soy Mor-
atorium was introduced60. The moratorium placed effective protection
against deforestation in the BrazilianAmazon,which inadvertently diverted
deforestation pressure for the expanding cattle and soy industries onto the
Cerrado24,28. Since 2017, the CerradoManifesto aims to protect the Cerrado
against further deforestation25, yet Cerrado deforestation rates continued to
increase until 202426,61. The Chaco, a semi-arid forest spanning Paraguay,
Bolivia and Argentina, has too undergone accelerated deforestation in
recent decades31,62, and lacks effective protection. Trade agreements and
regulations must keep up with rapid landscape modification, which high-
lights the urgent need to include all impacted biomes in anti-deforestation
legislation10,24,60,63.

The potential problem of losing predictive power as production
expands to new frontiers ismitigated by additional scrutiny of commodities
from uncertain origin as they carry higher deforestation risk by definition,
which the legislation is designed to disincentivise. Unlike previousmethods,
the method we describe here expresses prediction uncertainty in geo-
graphically meaningful units (area, distance, etc.), facilitating better
assessment of the deforestation risk in a tested product. Updates to the
reference dataset—ensuring it remains comprehensive—will be required
irrespective of which traceability method, model (classification vs. pre-
dictive), or conceptual framework is used (origin verification vs. determi-
nation), so this expense is not unique to our method. Future changes to the
spatial scope of origin prediction can be readily accommodated by our
model, and its Bayesian framework facilitates integrating additional data
sources into the prediction.

To conclude, the modelling framework we present here is a powerful
tool for harvest origin determination and verification. It revolutionises
commodity traceability by circumventing arbitrary classification decisions,
facilitates prediction accuracy andprecision through considering real-world
geography and represents a leap forward in DDC supply chain transpar-
ency, supporting deforestation regulations.

Methods and materials
Study area
In this study we consider mainland South America, between latitudes 13°N
and 41°S, and longitudes 34°W and 82°W. The study area measures
6000 km north to south by approximately 5343–4033 km east to west
(depending on latitude). This area includes all soy growing regions in South
America, which account for more than half of global soybean production20.
We divide the study area to 406 × 361 pixels, retaining its latitude:longitude
ratio so that each pixel is 14.84 km× 14.84 km ≈ 220 km2 at the equator,
tapering to 14.84 km × 11.2 km ≈ 166 km2 at the southern edge of the study
area. The number of pixels is the result of optimising the models’ spatial

resolution and available computing resources. The original latitude:longi-
tude proportions of the study areawere retained tomaintain the integrity of
distance and area measurements. By defining this broad spatial scope, we
aim to reduce the amountof unintended informationpassed to themodel by
the user, emulating real-world origin identification problems. Defining a
small study area necessarily directs origin predictions to that area, i.e., the
user informs the model about the origin of the sample, which is unlikely to
happen in real-world use cases. The low information content of the priors
better simulates real-world use cases to test the geospatial prediction cap-
abilities of this technique.Once reference data becomes available fromother
continents, those regions could be simply added to the geographic scope of
the model.

Sample collection
Soybean seed samples were collected by in-country teams in Argentina,
Bolivia, and Brazil during the harvest months (Bolivia: February 2022;
Brazil: February–May 2022; Argentina: May–June 2022). These countries
were selectedbecause they are the top soyproducers—andexporters—in the
continent, accounting for >94% of the soybeans grown in South America,
and form a contiguous landmass to enable rigorous testing of ourmodel. As
our study is centred on identifying deforestation embedded in exported
soybeans, our sampling strategy aimed to maximise both spatial coverage
and soybean production levels, as well as proximity to deforestation fronts,
as safely feasible. This was achieved by prioritising sampling locations in
areas of higher soybean production (equal to or greater than 2000 kg per
hectare, dry weight) across maximal longitude and latitude within indivi-
dual countries. This also ensured sampling points close to political borders
and natural forests. Because of budget limitations andminimal supply chain
and export power of the lowest production areas (those producing less than
2000 kg per hectare, dry weight), these were excluded from the sampling
strategy. We did not pre-allocate the number of samples or sampling
locations per country because of the great discrepancy in country size, extent
of soybean-producing regions, and quantities produced. The collectors
then identified farms and contacted farmers as close as possible to the
desired sampling locations; if a farmer chose not to be included in the
study, the collectors contacted the next nearest farm, and so on. Sampling
locations were selected as a result of optimising these and other factors,
including keeping within budget for both field expeditions and down-
stream sample analyses, avoiding areas that suffered damage to crops
(e.g. through disease and droughts), and designing a sampling route via
roads that coincided with the harvest period in the various regions so that
seeds were collected at the correct developmental stage (dried seed-filled
pods). Wherever possible, soybeans were collected dry so that post-
harvest drying was minimal. Dry collection mimics agronomic pod
harvesting in the field, making our methodology effective for testing
whole beans in the supply chain.

Location-level sampling strategywas as follows: Each sampling location
was formed of five sampling points, arranged (approximately) at the centre
and corners of an imaginary square with a 10 kmdiagonal. One sample was
taken at each sampling point, made of soybeans from 2–5 plants to meet a
minimum total mass criterion. This design is optimising for several objec-
tives: capturing natural variation (farther is better), travel time and acces-
sibility to collectors (nearer is better), reducing thenumber of farms sampled
(nearer is better), and keeping to sample quotas (farther is better). See
collection protocols at: https://learn.worldforestid.org/. Due to the multi-
dimensionality of the Gaussian Process models, estimating the optimal size
of the referencedataset and the ideal locations for samplingwould require its
own study. We expect that the minimal number of samples required per
location is variable and context-dependent (e.g., on species, terrain, farming
practices and history, etc.), meaning that different samples may carry dif-
ferent importance to the model’s predictions. To assess the model’s
robustness to systematic bias in the data, we carried out experiments where
we omitted data based on arbitrary latitude and longitude values to compare
the predictions from partial data to those based on the full dataset (see
Supplementary File 1, Section 2).
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To clarify, the purpose of this study is to develop a model that can
identify the origin of soybeans wherever they may be from in South
America. As our reference dataset includes hundreds of samples taken from
a polygon that spans thousands of kilometres in all directions, the influence
of idiosyncratic reference data is strongly reduced.

Stable isotope ratio (SIR) and trace elements (TE) analyses
Isotope Ratio Mass Spectrometry (IRMS) was used for Stable Isotope Ratio
Analysis of 267 soybean samples, to quantify the relative abundanceof stable
isotopes of Oxygen (δ18O), Hydrogen (δ2H), Carbon (δ13C), Nitrogen
(δ15N), and Sulphur (δ34S). These isotopes vary naturally in the environment
due to atmospheric and climatic processes and are incorporated into plant
tissues through a range ofmetabolic pathways40,42. To account for elemental
sequestration through alternative biochemical pathways, δ18O, δ2H, and
δ13Cweremeasured in both the lipid- and the non-lipid phase of the sample
material. Nitrogen and Sulphur were measured in the non-lipid phase only
(Supplementary Fig. S1). Further details on the IRMS protocol are in Sup-
plementary File 1.

For Trace Elements Analysis, Inductively Coupled Plasma Mass-
Spectrometry (ICP-MS) with a collision cell was used, to quantify the pre-
sence of 69 chemical elements in each of the 267 soybean samples (Sup-
plementary Fig. S2). In 19 of the 69 elements (45Sc, 52Cr, 72Ge, 93Nb, 101Ru,
103Rh, 107Ag, 118Sn, 121Sb, 125Te, 178Hf, 181Ta, 189Os, 193Ir, 195Pt, 197Au, 201Hg,
209Bi, and 238U),we foundvery little variation—fewer than10different values
across all samples. We do not consider these 19 elements in subsequent
analyses. We log-transformed the TE data before further analysis because
the raw measurements span eight orders of magnitude across elements,
which may hinder spatial signal detection by downstream models. For
details on the ICP-MSprotocol, see Supplementary File 2.All analytic data is
at https://zenodo.org/records/18786976.

We used three criteria to select appropriate elements for spatial ana-
lysis: higher numbers of uniquemeasured values, a large range of measured
values, and higher median values were all preferred. Unique measurement
values make the samples distinguishable, a large range of measured values
makes the spatial variation among samples distinguishable, and a high
median value facilitates greater robustness to error as the measurements
move away from detection limits. The levels of 24Mg, 31P, 39K, 44Ca, 56Fe, and
66Zn were very narrowly distributed across samples. The small range of
values decreases the signal:noise ratio, so we excluded these elements from
the models. Consequently, 14 elements were used in the geostatistical
analyses.

Geostatistical models
The origin estimation algorithm uses Gaussian Process (GP) regression
models to estimate the expected value of each predictor (isotope ratio or
trace element) at every pixel in the study area. The likelihood function
derived from these values is then used with the prior in a Bayesian frame-
work to compute for every pixel the probability that it overlaps with the
harvest location of that sample39. To quantify and compare the predictive
ability between models, we assessed used two complimentary metrics:
prediction error, measured as the distance between the posterior mode
(point of highest posterior probability) and the true harvest location; and
prediction precision, quantified as the 95% Credible Region, which is the
land area of the 95% highest posterior density (HPD) region.

Due to the localised nature of farming and sample availability in the
field, some reference samples form spatial clusters, whereas others are fur-
ther apart. Elements and stable isotopes are also distributed by natural
process as well as agronomic management practices, such as crop or soil
treatments, so high spatial autocorrelation is expected among samples from
nearby localities. If adjacent samples are split between the training and test
datasets, the high spatial autocorrelation between them would cause “con-
tamination”of the trainingdatawith informationabout the test data, known
as data leakage64. Data leakage falsely improvesmodel performancemetrics,
thereby inflating confidence in themodel—whichwouldnotholdup in real-

world tasks. To avoid data leakage due to spatial autocorrelation, we
assigned the samples into spatial clusters, where all samples that are <30 km
apart are assigned to the same cluster. We explored cluster cut-offs ranging
from 15–180 km, but the value of 30 km resulted in most clusters having
exactly 5 samples, adequately reflecting the sampling design. This ensured
that no cluster was represented in both the training and testing datasets
simultaneously, which would have caused data leakage and inflated the
model’s predictive ability. Too large a cut-off would have reduced the
model’s predictive power by grouping multiple spatial clusters into one,
thereby masking their respective characteristic values and the spatial signal
that themodel relies on.We then split the data into training and test sets by
cluster, which ensured that adjacent samples always fall in the same set.
Most of the resulting clusters consist of five samples, but some clusters
contain fewer samples.

We trained three separate GP models to compare their relative per-
formance: the SIR model, TE model and SIR+TE model. For training the
SIRmodelwe included δ2H, δ13C, and δ18Odata (eachmeasuredon the lipid
andnon-lipid fractions separately), and δ15N and δ34Smeasured on the non-
lipid fraction only. For training the TE model we used the following 14
elements: 27Al, 28Si, 55Mn, 59Co, 60Ni, 63Cu, 78Se, 85Rb, 88Sr, 89Y, 95Mo, 111Cd,
133Cs, 137Ba. The SIR+ TE model was trained on all 8 SIR and 14 TE
included in the other two sets.

We used a map of average attainable soybean yields65 to delimit origin
prediction to regions where expected soybean yield is at least 2000 kg per
hectare (dryweight). This threshold is below the lowest estimates of soybean
yields currently produced in any of the main soy-producing biomes in
Brazil66.We used this threshold provisionally to support our spatial analysis
(Supplementary Fig. S3), because it suggests a greater range suitable for
soybean farming than estimated previously24. A greater area of suitability
makes the prior distribution less informative because the prior probability is
divided over more pixels. A less informative prior, in turn, reduces the
impact of researcher assumptions on the model’s output.

We used five-fold cross-validation, so that each of the five iterations of
the model was trained on 213–215 (~80%) of the reference data, and the
remaining samples were used as the test set. The variation in size of the
training and test sets was due to the different number of samples in some
spatial clusters. Each model was trained until it reached stationarity of the
loss function, which we established by observing no decrease in loss value
over at least 2000 consecutive training iterations.

We used two indices to assess the accuracy and precision of the esti-
mates of origin generated by the different GP models:
(1) “Prediction error”, as an index of prediction accuracy, is the great circle

distance between the point of highest posterior probability (the pos-
terior mode) and the true origin of the sample in question. Smaller
prediction error indicates amore accurate prediction of the true origin.

(2) “95% Credible Region (CR)”, indicating prediction precision, is the
combined area of the smallest number of pixels that together contain
95%of the posterior probability.Hence, theCRcontains the true origin
of a given sample with 95% certainty. A smaller CR indicates higher
prediction precision.

(3) These two indices quantify complementary aspects of the deviation of
the predicted origin from the true origin of a sample. We used the
median values (rather than means, due to strong skew in the index
distributions) of the five cross-validation folds to obtain a cross-
validated index ofmodel performance for each of SIR, TE, or SIR+ TE
models.

Quasi-classification tests
To facilitate comparison of the performance of our Gaussian Processmodel
with standard classification models (whether for origin determination or
verification), we converted the maximum posterior probability predictions
(i.e., coordinates) into the country names where those coordinates fall in.
We then summarised the categorised results in confusionmatrices (one per
model per country) and used a one-vs.-rest approach to calculate the
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following performance metrics:

accuracy ¼ TP þ TN
TP þ FP þ TN þ FN

;

precision ¼ TP
TP þ FP

;

recall ðsensitivityÞ ¼ TP
TP þ FN

;

specificity ¼ TN
FP þ TN

;

balanced accuracy ¼ Recall þ specificity
2

;

and F1 � score ¼ 2 � Precision � Recall
Precisionþ Recall

;

whereTP stands forTruePositive, i.e. correct prediction of the focal country
for a given confusionmatrix, FN is False Negative, and so on. The balanced
accuracymetric addresses biases in the accuracymetric due to differences in
the number of samples from each country in the data.

SHAP analysis
We performed SHAP analysis67 to identify the most informative predictors
for soybean origin determination. SHAP approximates the determination
model to calculate the marginal contribution of each predictor (SIR or TE)
to each prediction made, thereby indicating the key variables that drive the
origin predictions. The SHAP analysis followed the same five-fold cross-
validation framework described above, with the same data partitions and
respective GP models as input. We calculated SHAP values for every point
in the training sets and averaged over the five folds to obtain the cross-
validated SHAP values.

Data processing and visualisation were done in R v4.3.068, using the
packages tidyverse v2.0.069, terra v1.7.7170, sf v1.0.1571,72, raster v3.6.2673,
ggspatial v1.1.974, and fields v15.275. The GP regression modelling is
implemented in Python v3.10.12, using Pytorch v1.12.176,Gpytorch v1.9.077,
Shap v0.44.067, Scikit-learn v1.3.078, Geopandas v0.11.179.

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

Data availability
Due to the sensitive nature of the data, the SIRA and TEA data are available
upon request and provided without geolocation information at https://
zenodo.org/records/18786976. Deforestation, soybean traceability and the
EUDR are highly contentious subjects in parts of South America, and some
farmers have explicitly conditioned their participation on remaining
anonymous. To avoid compromising collector and donor security, we do
not provide coordinates or display exact farm locations in the figures.

Materials availability
The soybean seed samples are part of the World Forest ID Georeferenced
Sample Collection held at the Royal Botanic Gardens, Kew. Requests for
materials should be addressed to C.C.: c.chater@kew.org.

Code availability
The computer code developed for this study is available upon request at
https://zenodo.org/records/18786976.
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