
Truszkowski et al. Annals of Forest Science           (2026) 83:18  
https://doi.org/10.1186/s13595-026-01341-x

RESEARCH

Chemical timber tracing: combining 
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Abstract 

Key Message  Chemistry-based tracing techniques are increasingly used for combating illegal timber trade, but they 
are currently limited by the small and fragmented reference datasets available. We introduce a model that integrates 
data from multiple tree genera while accounting for statistical differences between them. Our model accurately 
predicts the harvest location even when relevant data are unavailable in some areas, by leveraging data from other 
genera. Our approach could lower reference sampling costs and enable tracing in situations where new samples can-
not be collected, such as during armed conflict.

Context  Chemistry-based techniques for identifying the harvest location of timber are becoming increasingly impor-
tant for enforcing timber trade regulations. However, their application has been limited by the need for reference 
samples from all species across all areas of interest.

Aims  We investigate whether combining reference data from multiple taxonomic groups can improve timber har-
vest location determination in regions where reference data is scarce by using the shared natural variability in isotopic 
composition across species.

Methods  We extend the harvest location model of Mortier et al. to jointly model isotope ratios and trace element 
concentrations in wood from different genera. This is achieved by a new covariance function that accounts for shared 
patterns of spatial variation between genera. We evaluate our approach on 1020 tree samples from four economically 
important genera (Betula, Fagus, Pinus, Quercus) across 12 Eastern European countries.

Results  The multi-genus model substantially outperforms the single-genus model when little or no data 
for that genus is available in the focus area. When data from all genera are available across the study area, the multi-
genus model achieves similar performance to the single-genus model.
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1  Introduction
Persistently high rates of deforestation in recent dec-
ades  (FAO 2020) have spurred action to tackle illegal 
logging and trade of illegally harvested forest products, 
which are key drivers of environmental degradation and 
biodiversity loss globally  (Reboredo 2013). Environmen-
tal laws, including the 2008 amendment to the United 
States Lacey Act, the 2013 European Union Timber 
Regulation (EUTR), and the 2012 Australian Illegal Log-
ging Prohibition Act, prohibit the placement of illegal 
timber on the market and mandate operators to exercise 
due diligence (or due care in the US context) to ensure 
compliance. Building on lessons from earlier implemen-
tation challenges, the European Union (EU) developed 
the Regulation on deforestation-free products (EUDR), 
which entered into force in 2023, replacing the EUTR 
and expanding its scope  (EUDR 2023). Due diligence 
required by the EUDR includes reporting precise geolo-
cation coordinates for harvest location, and enforcement 
agencies have been empowered to conduct compliance 
checks using “any technical and scientific means ade-
quate to determine the species or the exact place where 
the relevant commodity or relevant product was pro-
duced, including anatomical, chemical or DNA analysis” 
(EU Regulation 2023/1115, 2023). This has created a need 
for robust, accurate, and high-throughput tools to iden-
tify the provenance of timber, in order to validate origin 
claims and ensure regulatory compliance.

There are currently three scientific techniques offering 
a solution to origin claim validation: genetic, stable iso-
tope, and trace element analysis. Genetic analysis (Capo 
et al. 2024) uses molecular markers, such as single-nucle-
otide polymorphisms (SNPs), microsatellite regions, or 
genome-wide sequence data, to determine the location 
of timber harvesting through population genetics and 
phylogeographic methods. Stable isotope ratio analysis 
(SIRA; West et al. 2009; Bowen et al. 2005; Truszkowski 
et al. 2025; Aguzzoni et al. 2025) quantifies the ratios of 
naturally occurring isotopes of common elements, such 
as oxygen, hydrogen, carbon, nitrogen, and sulfur. Trace 
element analysis (TEA; Ågren and Weih 2012; Boescho-
ten et  al. 2023a) measures the concentrations of a large 
set of trace elements in wood tissue, commonly includ-
ing Al, Si, Li, Fe, Zn, Pb, and others. Genetic methods 
are based on genetic differences between populations as 
geographically distant populations tend to be genetically 

distinct from one another (Rocha Venancio Meyer-Sand 
et al. 2025). While genetics is a promising technology for 
timber tracing, its practical application remains limited 
due to difficulties in extracting DNA from wood and the 
fact that plantation forests may be genetically distinct 
from nearby natural forests  (Deklerck 2023). TEA and 
SIRA both measure variation in plants’ chemical char-
acteristics caused by climatic and environmental varia-
tion across landscapes. Plant uptake of trace elements is 
unique to each species and location, because the avail-
ability of trace elements is spatially variable and different 
species absorb them from the soil in various quantities 
(Boeschoten et al. 2022). Similarly, environmental factors 
such as humidity, precipitation, temperature, and soil 
composition affect the presence and ratio of stable iso-
topes in organic matter (Deklerck 2023).

Previous studies have demonstrated the power of com-
bining SIRA and TEA with probabilistic spatial models 
for timber origin verification (assessing a harvest location 
claim) and determination (identifying harvest location) 
(Mortier et  al. 2024). Development of these large-scale 
spatial models, based on Gaussian process (GP) regres-
sion combined with Bayesian inference, has advanced 
timber origin validation beyond localized, site-specific 
comparisons (i.e. classification). By capturing the natu-
ral variation in stable isotope ratios and trace element 
concentrations in trees across large continuous areas, 
GP models can predict the likelihood of a sample origi-
nating from any location that is sufficiently close to ref-
erence samples, regardless of political borders or other 
arbitrarily defined regions (Mortier et al. 2024). However, 
these large-scale models have two key limitations. First, 
their spatial extent is determined by the location of ref-
erence data, thus they are restricted by the small, frag-
mented timber reference databases currently available 
(Low et al. 2022). This data availability issue is unlikely to 
be resolved in a time frame that is useful for regulatory 
enforcement, due to the considerable time and finan-
cial costs associated with collecting and analyzing sam-
ples from extensive field campaigns (see also Suarez and 
Tsutsui 2004). Additionally, collecting physical samples 
may be impossible in some key regions due to geopoliti-
cal factors (e.g., collector safety in war zones) and inter-
national agreements that place limitations on the export 
of scientific samples (e.g., Access and Benefit Sharing 
rules under the Convention on Biological Diversity’s 2010 

Conclusion  Our approach strengthens the applicability of timber tracing methods by enabling accurate predictions 
in areas where sample collection is not currently feasible due to political, logistical and/or security-related challenges, 
provided that pre-existing samples from other genera are available.
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Nagoya Protocol). Second, current modeling approaches, 
such as random forest classification  (Boeschoten et  al. 
2023b), clustering (Vlam et al. 2018), discriminant analy-
sis (Paredes-Villanueva et al. 2022), or Gaussian Process-
based harvest location models (Truszkowski et al. 2025) 
are species-specific and do not take into account physi-
ological and ecological similarities between species or 
genera. This is an inefficient use of data, as variation in 
stable isotopes and trace elements across space is pri-
marily caused by differences in climate and soil compo-
sition  (Hartl-Meier et  al. 2015). This means that similar 
patterns are likely to be observed across different species, 
even if absolute values differ  (Hartl-Meier et  al. 2015; 
Boeschoten et al. 2023a). Species-specific analyses, com-
bined with scattered data sources, pose important limi-
tations to the power, performance, and spatial extent of 
statistical models that are currently used to trace timber.

We introduce a new approach for inferring timber har-
vest location that harnesses the similarities in stable iso-
tope ratios (SIR) and trace element (TE) measurements 
between genera, while also addressing the challenge of 
limited field reference data. Specifically, we investigate 
the following key question: can a multi-genus model pro-
duce accurate origin predictions across all genera consid-
ered, even in regions where reference samples from some 
genera are scarce or entirely absent? To explore the effec-
tiveness of a multi-genus approach, we use a data set of 
1,020 timber samples from Eastern Europe. This region 
provides an important case study for illustrating sce-
narios in which areas of interest for international sanc-
tions cannot be sampled for political or security reasons. 
Our model uses a covariance function that accounts for 
shared patterns of spatial variation between genera, a 
method closely related to multi-task Gaussian processes 
(Bonilla et  al. 2007; Alvarez et  al. 2012). Models using 
data from multiple species or genera have previously 
been proposed for tracing timber  (Boeschoten et  al. 
2023b) and marine animals  (St. John Glew K, Graham 
LJ, McGill RA, et al. 2019). However, to our knowledge, 
this is the first time a multi-genus approach has been 
developed with the goal of mitigating data scarcity. This 
approach could eliminate the key barrier of limited refer-
ence data to enable the widespread adoption of scientific 
testing in timber supply chains.

2 � Material and Methods
To test whether tracing results improve when multiple 
genera are combined into one spatial model, we extended 
the Gaussian Process model developed by Mortier et al. 
(2024) with a new covariance function designed to 
accommodate data from multiple genera. The covari-
ance function represents each genus as a vector, such that 
the angle between two vectors represents the degree of 

similarity in the spatial pattern of isotope ratios or trace 
elements between the two genera. The vector coordinates 
are estimated from training data, allowing the model to 
learn about the similarities between different genera. We 
evaluate our approach on a recent data set (Mortier et al. 
2024) of four economically important genera (Betula, 
Pinus, Quercus, Fagus) in Eastern Europe.

2.1 � Probabilistic models for harvest location inference
Our method has three stages. First, for every SIR or TE 
variable, a GP regression model is trained on the refer-
ence data. Second, we compute the probability density 
of observing the SIR and TE values for each test sample 
at each point of the study area. Third, Bayes’ theorem is 
used to compute the posterior probability distribution of 
possible harvest locations of the test sample. For further 
information on the model, see Truszkowski et al. (2025).

2.2 � Gaussian process regression
Gaussian process (GP) regression is a flexible regression 
technique that enables the quantification of uncertainty 
of a model’s predictions. A standard GP regression model 
is defined by a mean parameter, a covariance function, 
and a noise parameter. The mean parameter specifies the 
expected value of the responses. The covariance function 
f (x1, x2) models the degree of similarity between two 
locations, usually as a function of distance between them. 
The standard choice for single-genus models  (Trusz-
kowski et  al. 2025) is the Matérn covariance function 
with the shape parameter ν = 1.5  (Abramowitz and Ste-
gun 1972), which can be written as

where d = (x1 − x2)D−1(x1 − x2)⊤ is the Euclidean 
distance between x1 and x2 with dimensions scaled by 
diagonal matrix D−1 (a parameter of the covariance func-
tion). A is a parameter governing the magnitude of the 
differences between locations.

The GP regression model also includes the noise 
parameter σ 2 , which models the intrinsic noise in the 
data. Taken together, the model considers the responses 
as being generated by a multivariate normal distri-
bution with mean µ and covariance matrix � , where 
�ij = f (xi, xj) for i  = j and �ii = f (xi, xi)+ σ 2.

We fit a separate model for every SIR or TE variable 
by finding parameters that maximize the likelihood of 
the training data. Once the models have been trained, 
it is possible to compute the mean E[y|x∗] and variance 
V(y|x∗) of the response at any test location x∗ using 

f (x1, x2) = A(1+
√
3d) exp(−

√
3d)

y ∼ N (µ,�)
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standard formulae  (Truszkowski et  al. 2025; Williams 
and Rasmussen 2006).

2.3 � Bayesian inference
Given the mean and variance at location x∗ , the like-
lihood of observing the jth SIR or TE variable at that 
location is

For a vector y∗ = [y1, . . . , ym] of SIR/TE values 
observed in the test sample, the Bayes’ theorem gives 
the posterior distribution of possible harvest locations:

where the probability densities p(yj|x∗) are computed 
from the GP models for the respective isotopes and ele-
ments using Eq.  1 and A is the study area, represented 
by a rectangular grid of points. For each genus, we use 
a uniform prior distribution over the study area – see 
Section 2.7.

2.4 � Verification of harvest location claims
A trained model can also be used to verify a sup-
plier’s sourcing claim. We use the statistical testing 
procedure described in a recent paper  (Mortier et  al. 
2024) to verify harvest location claims. The test takes 
as input a vector y∗ of SIR/TE values and a set of grid 
points Xc corresponding to the territorial unit c that is 
claimed to be the source of the sample. For each grid 
point x ∈ Xc , the residuals of the observed values with 
respect to the values predicted by the model are com-
puted, normalized by the predicted standard devia-
tion. We then perform the χ2  test with m degrees of 
freedom on the sum of squared residuals at each grid 
point and take the maximum of the p-values to be the 
p-value of the composite hypothesis. The details of the 
reasoning can be found in Mortier et al. (2024).

(1)

p(yj|x∗) =
1

√

2πV(yj|x∗)
exp

(

−(yj − E[yj|x∗])2

2V(yj|x∗)

)

(2)p(x∗|y∗) =
p(x∗)

∏m
j=1 p(yj|x∗)

∫

x∈A p(x)
∏m

j=1 p(yj|x)dx

2.5 � A multi‑genus Gaussian process model
Exact SIR/TE values usually differ between genera. In 
contrast, patterns of spatial variation are often shared—
e.g., the oxygen isotope ratio ( δ18 O) decreases with 
increasing latitude for the four genera in our data set 
(Fig. 1). To extend the single-genus GP regression model 
to multiple genera, we must take into account (a) differ-
ent levels of SIR/TE values between genera (Fig. 1a), and 
(b) varying levels of similarity between spatial variation 
patterns of SIR/TE values in different genera (Fig. 1c). To 
address (a), a separate mean parameter θg is used for each 
genus g. To address (b), the standard covariance function 
is multiplied by a term that models the mutual relevance 
of data from different genera. For each genus g, a vector 
vg ∈ Rℓ

≥0 is defined (where ℓ is a user-chosen dimension 
of the model) to represent the genus. The mutual rel-
evance of data from different genera is modeled using the 
dot product between genus vectors, to create the follow-
ing covariance function, which acts on sample locations 
and sample genera:

Importantly, the vectors vg are estimated from the data, 
which allows the model to learn the degree of correla-
tion between different genera. If two vectors vg1 and vg2 
are orthogonal to each other, the dot product term v⊤g1vg2 
equals 0, which means that data from the two genera 
are uncorrelated and the model will treat harvest loca-
tion inference for g1 and g2 as two separate problems. If 
vg1 and vg2 are parallel, this indicates that the responses 
from g1 and g2 at the same location are perfectly corre-
lated and a prediction about g2 can be obtained from a 
prediction about g1 by shifting and rescaling. Appendix 
Fig.  6 shows an example of estimated genus vectors in 
two dimensions.

To accommodate different levels of environmental vari-
ation across genera, we use a genus-specific noise param-
eter σ 2

g  for every genus g.

2.6 � Data
We evaluate our approach on a data set of 1020 trees 
from 4 genera (Betula, Fagus, Pinus, Quercus) across 12 

k((x1, g1), (x2, g2)) = v⊤g1vg2(1+
√
3d) exp(−

√
3d)

Fig. 1  Shared patterns of SIR variation between genera in Eastern Europe. a δ18O values plotted against the latitude of the reference samples, 
colored by genus. δ18O values decrease with increasing latitude for all genera, even though the average values are distinct for each genus. b 
Isoscapes estimated by the Gaussian process-based single-genus model described by Mortier et al. (2024). High values (dark) dominate in the south, 
whereas low values (light) dominate in the north of the prediction range. The color scales match the genus colors in the upper figure. Values were 
computed for points that lie within d = 300 km of any sample from that genus and fall within the genus range according to Caudullo et al. (2017). 
c Correlation matrix for single-species isoscape values between genera. Positive correlation can be seen between all genera, with the highest 
between Betula and Pinus (0.92). Only the values within the prediction area for each genus were used to compute the correlations

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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Eastern European countries (Table  1). The data set was 
first introduced by  Mortier et  al. (2024), and has since 
been expanded to include additional samples. Following 
the method developed by Boner et al. (2007), five SIR val-
ues were measured for each sample: δ13 C (ratio between 
13 C and 12C), hydrogen δ2 H (ratio between 2 H and 1
H), nitrogen δ15 N (ratio between 15 N and 14N), oxygen 
δ18 O (ratio between 18 O and 16O), and sulfur δ34 S (ratio 
between 34 S and 32S). Isotope ratios of covalently bonded 
hydrogen after nitration ( δ2Hnit ) were also measured. The 
relative abundance of 17 TEs (Al, Si, P, S, Cl, K, Ca, Mn, 
Fe, Ni, Cu, Zn, Br, Rb, Sr, Ba, and Pb) was measured using 
X-Ray Fluorescence Spectroscopy (XRF) (XEPOS, SPEC-
TRO analytical instruments). This resulted in m = 20 
SIR+TE measurements for every sample (TE meas-
urements of Ba, Mn, and Br were excluded from fur-
ther analyses due to a large number of missing entries). 
See  Mortier et  al. (2024) for a detailed description of 
sampling protocol and laboratory analytical procedures.

2.7 � Study area
For each genus, the study area consisted of all locations 
that lie within d = 300 km of any sample from that genus 
and fall within the genus range according to  Caudullo 
et al. (2017). We represent the study area as a rectangular 
grid spanning locations between 13.6◦ and 60◦ longitude 
and 44◦ and 70.4◦ latitude. We chose a resolution of 0.2◦ , 
in line with previous work (Mortier et al. 2024).

2.8 � Experimental setup
All models were implemented in Python (v. 3.10.12) using 
GPyTorch (v. 1.9.0; Gardner et al. 2018), and PyTorch (v. 
1.12.1;  Paszke et  al. 2017) packages. Training was per-
formed by maximizing the likelihood of the training data 
using the Adam optimizer  (Kingma and Ba 2015) with 

an initial learning rate of 0.03. We used Stochastic Gra-
dient Descent with Warm Restarts learning rate sched-
uler  (Loshchilov and Hutter 2017) and early stopping 
with a patience of 100 iterations. The dimension of genus 
vectors was set to ℓ = 2 in all experiments unless other-
wise specified.

For the determination task (identifying the harvest 
location for a test sample), we report the mode distance, 
which is defined as the distance between the true harvest 
location and the most likely harvest location according to 
the model (Truszkowski et al. 2025).

For the verification task (assessing whether a harvest 
location claim is true), we report sensitivity (the percent-
age of incorrect origin claims that are detected by the 
model) and specificity (the percentage of correct origin 
claims that are not marked as incorrect by the model). 
Each test case consists of a data point from the test set 
and a simulated forest concession of size 0.5 × 0.5°, which 
is the claimed harvest location. Correct claims are simu-
lated by choosing a random forest concession that con-
tains the true location. Incorrect claims are simulated 
by randomly choosing a location within both the target 
country (other than the true country of origin) and the 
prediction area of the determination task. For each test 
data point, we simulate a single correct claim and 11 
incorrect claims (one for each country considered except 
the true country of origin). We then test the hypothesis 
that the test sample originates from the claimed forest 
concession with significance level α = 0.05.

We investigate the performance of our model in two 
settings: the high-data regime and the low-data regime. 
The high-data regime, refers to a situation where samples 
are abundant in every part of the study area. To evaluate 
the performance in this setting, we randomly split all our 
available samples into 5 folds and perform 5 cross-vali-
dation experiments with one fold designated as the test 
set and the remaining four being used for training. The 
low-data regime mimics a situation where samples from 
the genus of interest are scarce or missing entirely from 
part of the study area. To simulate this, we divide our 
prediction range into 5 testing areas based on country 
borders (see Fig. 2). Testing areas were chosen such that 
each contains a sufficient number of samples from each 
genus of interest, is spatially coherent, and has similar 
surface area. Each experimental setting involves choos-
ing a focal testing area, setting aside samples for testing 
(5-fold cross-validation), and down-sampling the training 
samples within the focal testing area to a required sample 
density (between 0 and 1 samples per 10,000 km2 ). For 
each combination of focal testing area, sampling density, 
and cross-validation fold, a model is trained on the avail-
able training samples and its accuracy on the test data is 
evaluated. For the determination task, test samples are 

Table 1  Country origins of the samples in the data set

Genus country Betula Fagus Pinus Quercus

Belarus 35 0 0 29

Croatia 20 60 29 57

Estonia 50 0 0 10

Finland 30 0 36 0

Hungary 9 16 13 49

Latvia 56 0 0 4

Lithuania 0 0 64 34

Moldova 0 0 0 51

Romania 22 35 0 16

Russia 34 0 35 0

Slovakia 20 20 0 9

Ukraine 60 88 30 0
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chosen from the focal testing area, whereas for the verifi-
cation task, test samples are chosen from the entire study 
area, while simulated claim locations are chosen within 
the focal testing area.

3 � Results
3.1 � Performance in low‑data settings
For the determination task, the multi-genus model sub-
stantially outperformed the single-genus model when 
no data from the target genus were available in the focal 
testing area (Figs. 3 and 4), with considerably lower aver-
age mode distance than the single-genus model. This was 
most pronounced for Quercus, with the average mode dis-
tance reduced by 269 km (38%) relative to the single-genus 
model, and least pronounced for Pinus at 68 km (10%). 
The mode distance for Fagus and Betula was reduced by 
185 km (35%) and 143 km (25%), respectively. See Appen-
dix Figs. 9 and 10 for examples of predictions from both 
models. For the verification task, the multi-genus model 
showed higher sensitivity than the single-genus model for 
all genera, with the largest increase relative to the single-
genus model for Pinus (49 %) followed by Betula (18 %), 

Quercus (17 %), and Fagus (9 %)—see Figs. 3 and 4. The 
specificity of the two models was similar across all gen-
era except Pinus, where the single-genus model achieved 
a substantially higher specificity at low sampling densities 
(see Appendix Figs. 7 and 8).

Increasing the number of training samples available 
from the target genus resulted in a gradual performance 
improvement for both models (single- and multi-genus) 
in both verification and determination tasks, and the per-
formance gap between single- and multi-genus models 
diminished with increasing numbers of training samples 
from the target genus; for the determination task, the dif-
ference between the two models became negligible when 
the sample density reached 0.2 trees per 10000 km2 for 
Betula and Pinus. For the verification task, the multi-
genus model retained a sizeable advantage in most exper-
imental settings, even at higher sample densities.

3.2 � Performance on all available data
We investigated the performance of the single-genus 
model and the multi-genus model on a determination 
task when provided with all available data (Fig.  5). This 

Fig. 2  Defining a test scenario in the low-data regime in Eastern Europe. a We divided the study region into five testing areas (colored areas) 
according to the location of samples (black circles). b For each test scenario, a focal genus (e.g., Betula; red markers) and a focal testing area (e.g., 
Area 3; light blue area) was chosen. A subset of the samples for the focal genus (X) was set aside for testing. For determination, we only picked 
test samples from within the focal testing area. For verification, test samples were picked from across the study region. To create different sample 
densities for training, samples from the focal genus within the focal testing area were randomly removed (red circle). Note: to protect data 
confidentiality, and ensure the security of collectors and landowners, not all samples are shown and locations were subjected to spatial obfuscation 
through random adjustment
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corresponds to an average sampling density of 2.0 trees 
per 10,000 km2 across the four genera. The accuracy of 
the multi-genus model depended on the chosen dimen-
sion of the genus vectors – increasing the dimension 
from 1 to 2 decreased mode-distance by between 12 km 
(Fagus) and 64 km (Quercus). Increasing the dimension 
further yielded only modest accuracy improvements (at 
most 13 km compared to the 2-dimensional model for 
all genera and dimensions analyzed), and at worst lead to 
a slight decrease in performance. The best multi-genus 
model yielded lower error than the single-genus model 
for Fagus and Pinus, while the single-genus model was 
more accurate for Betula and Quercus. For all genera, 
these differences were less than 14 km, indicating broadly 
similar performance between the models in the simula-
tion with high-data availability.

For the the verification task, the multi-genus model 
gave higher sensitivity for Betula, Fagus, and Quercus, 
but was outperformed by the single-genus model on 
Pinus samples (Table 2). The biggest difference in perfor-
mance was seen for Fagus, where the multi-genus model 
had 6.7% higher sensitivity. Both models showed similar 
specificity for all genera except Fagus, where the single-
genus model achieved a 4.1% higher specificity than the 
multi-genus model.

4 � Discussion
Building upon the single-genus approach developed for 
Eastern Europe by  Mortier et  al. (2024), we present the 
first large-scale study on multi-genus modeling for tim-
ber traceability. Our results show that leveraging infor-
mation from every available sample, across all the genera, 

Fig. 3  Performance of single- and multi-genus models for determination and verification tasks for Betula and Fagus in the low-data regime 
in Eastern Europe. a, d A map of sample locations (black circle), prediction ranges (lines), and testing areas (colored areas) used to generate 
test scenarios for each genus. b, e The average mode distance values for the determination task and (c, f) the average sensitivity values 
for the verification task, as a function of sample density in the low-data region using a single-genus model (dashed) and the multi-genus model 
(solid). Colored lines show the mean values per focal testing area (line colors correspond to map), while black lines show the mean value across all 
test scenarios. For determination (b, e), lower values correspond to more accurate predictions, while for verification (c, f), higher values correspond 
to more accurate predictions
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improves tracing results when data from the relevant 
genus are scarce or unavailable. This demonstrates the 
advantage of our approach over traditional methods. We 
expect that multi-genus approaches to tracing will be 
particularly useful for regions where collecting new ref-
erence samples is infeasible due to political or security 
reasons.

While elemental and isotopic compositions are known 
to reflect environmental baselines  (Boeschoten et  al. 
2022; Raju and Raju 2000; Heineman et  al. 2016; Allen 
et  al. 2022; Baker et  al. 2015), earlier studies reported 
notable interspecific differences within similar regions, 
especially for stable isotopes  (Boeschoten et  al. 2023b; 
Watkinson et  al. 2022a). However, our model success-
fully combines data from a variety of genera, resulting 

in improved harvest location predictions across both 
conifers and broad-leaved taxa. These findings dem-
onstrate that wood chemistry shares common spatial 
patterns across diverse lineages. The innovation of our 
GP approach lies in its flexibility: genus-specific mean 
parameters allow for deviation from overall signals, while 
data-derived genus vectors allow for varying levels of 
similarity between spatial variation in different genera. 
This structure allows the model to account for statisti-
cal differences between genera, which enables the use of 
data from different genera for making predictions. More 
traditional approaches, such as cluster analysis or discri-
minant analysis, cannot readily distinguish between spa-
tial and inter-genus variation. This framework reflects 

Fig. 4  Performance of single- and multi-genus models for determination and verification tasks for Pinus and Quercus in the low-data regime 
in Eastern Europe. a, d A map of sample locations (black circle), prediction ranges (lines), and testing areas (colored areas) used to generate 
test scenarios for each genus. b, e The average mode distance values for the determination task and (c, f) the average sensitivity values 
for the verification task, as a function of sample density in the low-data region using a single-genus model (dashed) and the multi-genus model 
(solid). Colored lines show the mean values per focal testing area (line colors correspond to map), while black lines show the mean value across all 
test scenarios. For determination (b, e), lower values correspond to more accurate predictions, while for verification (c, f), higher values correspond 
to more accurate predictions
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underlying biological processes such as interspecific 
differences in element uptake and isotope fractiona-
tion  (Lehmann et  al. 2022). Our successful application 
across four distantly related genera highlights the poten-
tial of this method to be applied more broadly, particu-
larly for improving timber tracing in poorly sampled 
regions such as Central Africa.

A key barrier to routine use of harvest location iden-
tification is the availability of reference data covering a 
genus’s harvestable range  (Low et  al. 2022; Dormontt 
et al. 2015). Sampling to the required extent is both time- 
and cost-intensive  (Suarez and Tsutsui 2004); and often 
made impossible by logistical challenges in the geopoliti-
cally unstable and war-torn regions primarily targeted by 

economic sanctions  (Deb et  al. 2022). For example, fol-
lowing the invasion of Ukraine, sanctions on Russian 
timber disrupted legal trade channels, leading to con-
cerns about increased illegal logging and misdeclaration 
of origin to bypass restrictions. This led to the creation of 
the dataset and model presented in Mortier et al. (2024). 
However, the applicability of that approach was limited 
by the difficulties in obtaining reference samples in some 
countries. Our multi-genus model could alleviate this 
problem by making use of historical samples collected 
before the conflict began, even if they do not belong to 
the genera of interest.

The cost of reference data generation and testing oper-
ations continues to slow down the adoption of chemical 
tracing technologies. TEA currently costs 20–120 USD 
per sample, while the cost of SIRA is 200–500 USD per 
sample, depending on the number of measurements and 
the type of technology used. While samples are costly to 
obtain and analyze, our model can lower reference data 
requirements by interpolating between reference data 
points and utilizing data from different genera, which 
effectively replaces physical samples with statistical infer-
ence. We expect that the cost of laboratory analyses will 
gradually decrease given the increasing popularity of 
chemical tracing (Gori et al. 2025; Deklerck 2023). More-
over, one could argue that the testing cost is minimal rel-
ative to the economic impacts of the illegal timber trade.

The accuracy of the multi-genus model generally 
increases with the dimension of the vectors used to 

Fig. 5  Determination accuracy in high-data regime. Average mode distance (distance between the predicted and true harvest location) 
for the single-genus model and multi-genus models with different genus vector dimensions for the determination task when all available data are 
used. Error bars denote standard errors of the mean

Table 2  Sensitivity and specificity for the single- and multi-
genus models for the verification task in the high-data regime

Values after ± denote the standard error of the mean

Genus Model Sensitivity Specificity

Betula Multi-genus 61.5± 2.2 92.9± 2.1

Betula Single-genus 59.5± 2.6 93.2± 1.9

Fagus Multi-genus 24.6± 2.5 91.8± 1.8

Fagus Single-genus 17.9± 1.4 95.9± 1.3

Pinus Multi-genus 82.7± 0.9 90.8± 1.6

Pinus Single-genus 83.8± 1.6 91.2± 1.7

Quercus Multi-genus 50.7± 1.9 89.6± 1.6

Quercus Single-genus 47.6± 2.2 89.6± 1.0
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represent each genus (see Fig.  5). We observe a large 
difference in accuracy between models using 1- and 
2-dimensional vectors, with the 1-dimensional model 
yielding substantially worse accuracy than all the other 
models tested, including the single-genus model, for all 
genera. The 1-dimensional model assumes that the exact 
measurements for one genus can be obtained by shift-
ing and rescaling the corresponding measurements for 
another genus, which is similar to the model applied to 
different species of marine animals by  St. John Glew K, 
Graham LJ, McGill RA, et al. (2019). Our results suggest 
that this approach is insufficient for datasets composed 
of distantly related timber species, such as the ones used 
in this study. Representing genera with higher-dimen-
sional vectors allows the model to better represent the 
noisy relationship between measurements from different 
genera.

In addition to reducing sample collection costs, our 
model could also be used to identify strategic collection 
locations. In the low-data regime, the advantage of the 
multi-genus model is substantially smaller for Pinus than 
for other genera. This is likely due to the relatively discon-
tinuous distribution of Pinus sample locations, with most 
of the locations being close to the boundaries of the study 
area, making it difficult to estimate the expected values of 
variables in areas where few Pinus samples are available. 
Knowing this allows future sampling campaigns to be 
targeted more specifically for improving model outputs. 
Alternatively, future research could explore employing 
models with more expressive mean functions to further 
alleviate the need for additional samples.

This study focuses on an existing set of samples for 
genera and species that are harvested commercially 
in temperate forests. Future work could apply the 
model to tropical species from areas where illegal log-
ging and deforestation pose immediate threats to spe-
cies and ecosystems, such as in Central Africa, where 
over 50% of annual timber production is estimated to 
come from illegal logging  (African Natural Resources 
Centre 2021). Previous studies on Central Africa have 
described similarities in spatial variation of TEs, and 
an assignment-based timber tracing approach using 
multi-element analysis showed promising results using 
two different timber species (Boeschoten et al. 2023a). 
Incorporating our multi-genus approach could be 

beneficial for any tracing study that involves diverse 
timber species (Watkinson et al. 2022a; Aguzzoni et al. 
2025; Watkinson et al. 2022b).

Investigating the usefulness of our multi-genus 
approach beyond timber offers another interest-
ing direction for future research. Several commodi-
ties relevant to EUDR, such as soybean and cocoa, are 
harvested annually, which means that their chemical 
characteristics could vary between years due to cli-
mate variability. Our approach could be used to flexibly 
model samples collected in different years as distinct 
but related spatial patterns, analogously to the multi-
genus model presented in this study. This could consid-
erably reduce the amount of sampling that needs to be 
done every year to maintain sufficient model accuracy, 
making traceability more practical and cost-effective in 
the long run.

5 � Conclusion
In this study, we demonstrate that it is possible to cre-
ate accurate and cost-effective tools for identifying the 
harvest location of traded timber using a multi-genus 
approach. This requires substantially fewer ground-
truthed physical samples than previous, single-genus 
models, thereby increasing the applicability of har-
vest location identification methods. This is achieved 
by increasing the amount of information derived from 
each physical sample through an integrated model that 
leverages cross-generic data to make predictions for 
any sample of interest.

Our modeling approach enables practitioners to lev-
erage data sets that were previously of limited use due 
to their small size or limited geographic range by com-
bining them with other data sets from the same area to 
obtain more robust harvest location predictions. Such 
models will also offer more flexibility to sample collec-
tors when planning future collections or considering 
sample collection possibilities in difficult geopolitical 
contexts. Our work highlights the potential for efficient 
and cost-effective scientific testing techniques and tools 
to support both regulated companies and enforcement 
agencies to ensure compliance with import regula-
tions and promote legal and sustainable forest products 
trade.
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Appendix: Supplementary Figures
 

Fig. 6  Learned genus vectors for all SIR and TE variables with latent dimension set to ℓ = 2 . The vectors were estimated from the first cross-validation 
fold in the high data regime
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Fig. 7  Specificity of single- and multi-genus models for the verification task for Betula and Fagus in the low-data regime. a, c A map of sample locations 
(black circle), prediction ranges (lines), and testing areas (colored areas) used to generate test scenarios for each genus. b, d the average specificity 
values for the verification task, as a function of sample density in the low-data region using a single-genus model (dashed) and the multi-genus model 
(solid). Colored lines show the mean values per focal testing area (line colors correspond to map), while black lines show the mean value across all test 
scenarios. Higher values correspond to more accurate predictions
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Fig. 8  Specificity of single- and multi-genus models for the verification task for Pinus and Quercus in the low-data regime. a, c A map of sample 
locations (black circle), prediction ranges (lines), and testing areas (colored areas) used to generate test scenarios for each genus. b, d the average 
specificity values for the verification task, as a function of sample density in the low-data region using a single-genus model (dashed) 
and the multi-genus model (solid). Colored lines show the mean values per focal testing area (line colors correspond to map), while black lines show 
the mean value across all test scenarios. Higher values correspond to more accurate predictions
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Fig. 9  Examples of predicted harvest location probabilities for Betula and Fagus in the low-data regime. The left column shows predictions 
from the multi-genus model, whereas the right column shows predictions from the single-genus model for the same sample. The choice of the focal 
testing area, the sampling density in the focal testing area and the mode distance (distance between the highest-probability location and the true 
location) are indicated above each figure. Different colors denote credible regions for different probability thresholds
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Fig. 10  Examples of predicted harvest location probabilities for Quercus and Pinus in the low-data regime. The left column shows predictions 
from the multi-genus model, whereas the right column shows predictions from the single-genus model for the same sample. The choice of the focal 
testing area, the sampling density in the focal testing area and the mode distance (distance between the highest-probability location and the true 
location) are indicated above each figure. Different colors denote credible regions for different probability thresholds
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