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Supplementary Notes 

Section 1: Data 

1. Stable Isotope Ratio Analysis using Isotope Ratio Mass Spectrometry (IRMS) 

Samples were ground to a fine powder and extracted with polar and non-polar solvents 
(dichloromethane and methanol) in soxhlet apparatus. Lipids were separated from the solvent-
extracted dry mass. δ2H, δ13C, δ15N, δ18O and δ34S were determined in the sample using 
Agroisolab standard method AIL-1.1c (2015-02).  

Delta notation is used to represent the relative abundance of the heavy isotope in parts per 
thousand with respect to the zero-point reference standard for each stable isotope ratio using 

the formula: δ =  
𝐼𝑅𝑠𝑎𝑚𝑝𝑙𝑒−𝐼𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

𝐼𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
 × 1000.  

For the oxygen stable isotope ratio (δ18O), the comparison is made against the Vienna Standard 
Mean Ocean Water (VSMOW) zero-point standard. δ2H is also reported relative to VSMOW, δ13C 
is reported relative to Vienna Peedee Belemnite (VPDB), δ15N is reported relative to Air, and δ34S 
is reported relative to Vienna Canyon Diablo Troilite (VCDT). The unit used for delta notation in 
SIRA is per mille (‰).  

 

 

Figure S1. Scatterplot results of Stable Isotope Ratio Analysis (SIRA) for 267 soybean samples from 
South America. Results for Oxygen (δ18O), Hydrogen (δ2H), and Carbon (δ13C) were measured from the 
lipid phase of the sample material (marked “Lipids” in the isotope ratio name) and from the non-lipid 
phase (marked “orgex”, for organic extraction). Nitrogen (δ15N) and Sulphur (δ34S) were measured in 
the non-lipid phase only. Quantities are isotope ratios (IR) relative to a commonly accepted standard 
(Oxygen – VSMOW; Hydrogen – VSMOW; Carbon – VPDB; Nitrogen – relative to air; Sulphur- VCDT). 



 

2. Trace Element Analysis (ICP-MS) 

 

Figure S2. Boxplots summarise the detected levels (log-transformed) of 69 Elements in 267 soybean 
samples used in this study. The boxes represent the 2nd and 3rd quartiles of each distribution, whiskers 
denote the 1st and 4th quartiles, and dots indicate outliers, defined as exceeding 1.5 times the inter-
quartile range. Colour added for visualization.  

 

 

 



 

3. Data distribution in context 

 

 

Figure S3. Map of the study area showing the harvest locations of 267 soybean samples used in this 
study. Pink 1° x 1° grid cells represent one or more sampling locations. These grid cells are used to 
anonymise collection locations and protect farmer/donor identity; modelling and spatial prediction 
were carried out on 0.133° x 0.133° grid cells. Soy suitability map based on global agro-ecological 
zones (FAO and IIASA, 2021). The prior we used for the Gaussian Process models only includes pixels 
where expected soybean yields exceed 2000 kg/hectare. Among those pixels, probability is distributed 
evenly (flat prior).  

 



 

 

Figure S4. Map of the study area showing the harvest locations of 267 soybean samples used in this 
study. The colour of each 1° x 1° pixel represents the number of samples collected within its 
boundaries. The 1° x 1° grid cells are used in this figure to anonymise collection locations and protect 
farmer/donor identity; modelling and spatial prediction were carried out on 0.133° x 0.133° grid cells. 
Grey background marks forest cover loss between 2000-2023 (Source: 
Hansen/UMD/Google/USGS/NASA; Hansen et al., 2013; accessed on 28/01/2025). For a 
comprehensive overlay of deforestation and soybean farming please see this map from Global 
Forest Watch: https://gfr.wri.org/forest-extent-indicators/deforestation-agriculture#how-much-
forest-has-been-replaced-by-soy (Goldman and Weisse, 2024).  

 

https://gfr.wri.org/forest-extent-indicators/deforestation-agriculture#how-much-forest-has-been-replaced-by-soy
https://gfr.wri.org/forest-extent-indicators/deforestation-agriculture#how-much-forest-has-been-replaced-by-soy


Supplementary Methods 

Section 2: Quasi-classification on data subsets 

To test how a more balanced dataset might affect the predictive performance of the Gaussian 

Process (GP) model, we created two subsets of the data. For the first subset we omitted all data 

points to the north of latitude 15°S (nnorth=110, 41% of total data; all from Brazil), then we re-fitted 

GP models for SIR, TE, or SIR + TE data, and quasi-classified the resulting coordinates to enable 

model performance comparison. We repeated this exercise for the second subset, where we 

omitted all data points between latitudes 15°S and 32°S, and east of longitude 57°W (ncentre=99, 

37% of the data; 94 samples from Brazil and 5 from Argentina). Fitting the GP model to the smaller 

datasets also provides an indication to the effect of data scarcity on prediction accuracy.  

Our model is a proof of concept, showing promising prediction accuracy, but also considerable 

error in some cases. Repeating the analysis pipeline after omitting the “north” or “centre” 

subsets expectedly increased classification error, reflecting the loss of information due to data 

omission. However, the GP model mapped some predictions into areas of omission that are 

adjacent to data points (Supp Fig. S5, S6, S7). Although this is evidence of prediction inaccuracy, 

it also demonstrates the ability of the GP model to account for regions not directly represented 

in the training data. We expect the accuracy of origin estimates to improve with the addition of 

reference samples from unsampled regions.  

 

 



Figure S5. Pixel map of data distribution showing the extent of the data omission regions for quasi-
classification experiments on data subsets. Pixel colour corresponds to number of samples. Purple 
rectangle (“north”) includes all samples north of 15°S (nnorth = 110); green rectangle (“centre”) includes 
samples between 15°S, 32°S, 57°W and 41°W (ncentre = 99).  

 



 

Figure S6. Quasi-classification of origin determination results from (a, d) the SIR, (b, e) TE, and (c, f) 
SIR + TE models, fit to the subset of the data that was harvested south of latitude 15°S. Coordinates 
were converted into the respective country to assess prediction correctness, and binned into pixels 
for visualisation. Panels a-c show proportion of prediction error by pixel of origin, panels d-f show 
proportion of prediction error by pixel of prediction. 

 

 

 



Figure S7. Quasi-classification of origin determination results from (a, d) the SIR, (b, e) TE, and (c, f) 
SIR + TE models, fit to the subset of the data harvested outside the region defined by latitudes 15°S 
and 32°S, and longitudes 57°W and 41°W. Coordinate were converted into the respective country and 
binned into pixels for visualisation. Panels a-c show proportion of prediction error by pixel of origin, 
panels d-f show proportion of prediction error by pixel of prediction. 

 

Section 3: Extended models 

We Constructed extended models with climate and soil variables as predictors for inferring 

isotopic and elemental spatial distributions used as input for the origin determination model. Due 

to computational limitations we used a simplified version of the origin determination model, with 

3 stable isotopes and 8 elemental predictors. For each of these 11 predictors we designed an 

independent GP model with up to 3 atmospheric or soil variables that are hypothesized to be 

driving its spatial distribution, based on previous studies on trees and other plants. For example, 

the oceans are the natural reservoir of heavy Hydrogen and Oxygen isotopes, so that the ratio of 

these isotopes in rainwater decreases with elevation and distance from the coast (Bowen, 2010; 

Pederzani & Britton, 2019; West et al., 2010). Temperature affects relative humidity as well as the 

plant’s water uptake, leading to a complex mathematical relationship between temperature, 

heavy isotope availability in environmental water, and uptake (Bertoldi et al., 2016; Boeschoten 

et al., 2022; Hevia et al., 2018; Leavitt, 2010; Pederzani & Britton, 2019; Siegwolf et al., 2022; van 

der Sleen et al., 2017; Vargas et al., 2022; Wang et al., 2020; West et al., 2010, 2010; Zhao et al., 

2024).  



The environmental predictors linked to each isotope ratio or element are summarised in Table S1. 

We used climate data from CRU v4.07 (Harris et al., 2020), and soil data from SoilGrids2.0 (Poggio 

et al., 2021). The variables we used may not be the optimal environmental predictors for the 

compositional variables considered, but detailed literature for soybean is lacking. The spatial 

distribution of each SIR or TE was then inferred using a GP regression model taking the SIR/TE and 

additional environmental variables as predictors.  

We compared the predictive performance of this extended model to the performance of the 

simpler models: Sir-only, TE-only, SIR+TE, and SIR+TE with climate data for SIR. Although more 

complex, the extended model demonstrated lower prediction precision and accuracy than the 

SIR+TE model and the TE-only model (Figs. S8, S9).  

 

 

 

Table S1. Environmental predictors used in the extended GP model. Atmospheric variables are 
maximum-, minimum- and mean ambient temperature for the years 2021 and 2022. Soil variables are 
cation exchange capacity of the soil (cec), soil pH (phh2o), and bulk density of the fine earth fraction 
(bdod), at 5-15 cm below the surface. 

 

Compositional variable Environmental predictor/s 

d18O_orgex mean annual precipitation; maximum temperature 

d2H_Lipids mean annual precipitation; minimum temperature 

d13C_orgex mean annual precipitation; mean annual temperature 

24.Mg cec_5-15cm_mean; phh2o_5-15cm_mean 

27.Al cec_5-15cm_mean; phh2o_5-15cm_mean 

28.Si cec_5-15cm_mean; phh2o_5-15cm_mean 

59.Co cec_5-15cm_mean  

60.Ni bdod_5-15cm_mean; phh2o_5-15cm_mean 

78.Se cec_5-15cm_mean; phh2o_5-15cm_mean 

88.Sr bdod_5-15cm_mean; cec_5-15cm_mean; phh2o_5-15cm_mean 

95.Mo bdod_5-15cm_mean 
 

 

  



 

Figure S8. Prediction error by data type: clim– SIR and climate data; cliso– SIR, TE, climate, and soil 
data; sir– only SIR data; sirte– SIR and TE data; te– only TE data. Boxplots show quartiles, median 
values, and outliers (>2*IQR) of the prediction error index. Due to computational limitations the 
models here are based on a smaller set of SIR and TE than the models presented in the main text. 

 

 

Figure S9. Prediction precision (95% Credible Region) index by data type: clim– SIR and climate data; 
cliso– SIR, TE, climate, and soil data; sir– only SIR data; sirte– SIR and TE data; te– only TE data. 
Boxplots show quartiles, median values, and outliers (>2*IQR) of the 95% credible region. Due to 
computational limitations the models here consider a smaller set of SIR and TE than the models 
presented in the main text. 



Supplementary Discussion  

Section 4: Climatic and environmental predictors 

We found that the most important isotope ratio for both latitude- and longitude prediction is δ2H 

from lipids, and the most important elements are nickel (60Ni), barium (137Ba), and cobalt (59Co). 

Terrain conditions such as elevation, slope, and distance to the coast are known to drive isotopic 

distributions, particularly Hydrogen and Oxygen isotopes (Siegwolf et al., 2022; West et al., 2010, 

2010). Due to the lack of improvement in prediction metrics in the extended models, we decided 

against further extending the models with slope and elevation data (for distance to coast data, 

one has to first identify the relevant coast, based on weather patterns, seasonality, terrain etc.). 

However, the soy suitability data we used already integrates over the effects of variables relevant 

to soybean growth, which greatly simplified our models and enabled deeper examination of 

model parameter space.  

The hydrogen isotopic ratio in terrestrial plants is governed by 2H availability in precipitation and 

atmospheric water, and varies with environmental factors such as temperature, elevation, 

latitude, distance from the coast, and others (Kagawa, 2022; Siegwolf et al., 2022; West et al., 

2010). As δ2H mainly varies with abiotic processes, it is relatively predictable, making it a 

dependable spatial indicator. Ni and Co are essential for nitrogen fixation and metabolism, vital 

for commercial soybean production (Abreu-Junior et al., 2023; Eskew et al., 1983). Soybeans 

require soil Ni concentration within a narrow range, with substantial yield reductions outside of 

that range (Lavres et al., 2016; Sirhindi et al., 2016). Although this guarantees measurable levels 

of Ni in commercial soybeans (and consequently its utility as a spatial indicator), in the current 

dataset Ni levels span six orders of magnitude, indicating that Ni content in the soybeans is not 

determined solely by its concentration in the soil. In Brazil, Ni is ubiquitous in soy growing regions, 

but the factors that modify its uptake, primarily soil pH and cation exchange capacity (Macedo et 

al., 2016, 2020), vary with natural soil properties and farming practices and can be spatially 

informative. Ba is ubiquitous in the environment and occurs in legumes in high concentrations as 

its uptake follows Ca uptake (Cappuyns, 2018; Myrvang et al., 2016), but excess Ba inhibits 

photosynthesis in soybean (Suwa et al., 2008). Liming, which lowers the Ba:Ca ratio in the plant 

tissue, is commonly practiced in soybean farms, particularly on leached and acidic tropical soils, 

to control soil pH and provide the nutrients needed for efficient nitrogen fixation (Fageria & Stone, 

2008; Macedo et al., 2020). However, liming must be limited to avoid inhibition of K and Mg uptake 

by Ca (Myrvang et al., 2016), which stabilises soybean Ba concentrations at detectable levels. 

Liming does not remediate Ni, Co, or Mo deficiency, which are supplied to soybeans separately 



(Abreu-Junior et al., 2023; Macedo et al., 2016). Ni and Co commonly co-occur, their 

mineralisation, distribution, and mobility a result of soil geochemistry and may be affected by 

farming practices more than by climate and hydrology, yet they are useful spatial indicators. We 

hypothesise that although soil concentrations of these elements are largely independent of 

environmental variables such as temperature or humidity, their uptake to the plant is 

environmentally driven, which generated the spatial signal picked up by the GP model.  

The GP model used here relies solely on a sample’s chemical composition to infer harvest origin. 

Including environmental factors, such as temperature, precipitation, altitude, and soil type, that 

govern elemental and isotopic distribution across landscapes, could further refine estimates by 

accounting for physiological processes like hydraulics, carbon sequestration, and nitrogen 

fixation (DeNiro & Epstein, 1977; Kagawa, 2022; Schmiege et al., 2023; Zhao et al., 2024). This 

may reduce prediction uncertainty at locations away from data points and improve accuracy 

without needing costly additional samples.  

However, the relationships between plant chemical composition and environmental factors are 

complex and only partly understood (Siegwolf et al., 2022; Vargas et al., 2022; Werner et al., 2012; 

Wiggenhauser et al., 2022; Yakir & Sternberg, 2000), impeding the inclusion of these processes 

into the GP framework. For example, the ratios among element pairs may be more useful for 

traceability than their absolute quantities (Hevia et al., 2018; Kuang et al., 2008). Our extended 

models, not based on soy-specific literature (which is lacking) correlated isotope ratios with 

climate and element abundance with soil properties, but were highly computationally demanding 

and did not improve prediction accuracy (data not shown). Using additional data (such as genetic 

markers) may help refine origin estimates.  

Long-lived species’ chemical composition measurements for origin identification are often multi-

year averages (Hagemeyer et al., 1992; Mortier et al., 2024; Scharnweber et al., 2016; Siegwolf et 

al., 2022; Truszkowski et al., 2025), whereas annual species reflect single-year or season 

conditions, which may vary considerably year-on-year. Whereas trees exhibit within-individual 

variation in elemental content (Hevia et al., 2018), in annual species this variation reflects both 

environmental conditions and individual differences, without a multi-year reference to help tease 

them apart. Crop species, particularly modern varieties grown outside their domestication 

centres, have reduced genetic diversity which may reduce variation in individual responses to 

environmental conditions. Our data maximises spatial coverage without resampling. Future data 

accumulation, including environmental data from the year of sample collection, may enable 

modelling temporal variation in soybean composition, accounting for environmental variability.  
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