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ABSTRACT

Genetic markers can assist in the identification of the stock origin in different organisms. Comparative studies of forest tree prov-
enances have demonstrated that forest tree populations differ in performance across environments and at multiple geographic
levels: populations nested within regions nested within gene pools. These levels are critical for conservation and sustainable
use of genetic resources: regions of provenance are key units for seed marketing, while populations guide reproductive material
collection under most seed regulations. Despite their potential, genetic methods have rarely been applied to identify forest tree or-
igins due to methodological (sufficient number of highly discriminatory markers) and practical (construction of a baseline com-
posed of a representative selection of samples) challenges. In our study, we analyzed a genomic dataset comprising 10,185 SNPs
from 1579 samples of Pinus pinaster, a species with strong population structure, across 86 populations, 45 regions of provenance,
and 10 gene pools, to discriminate among these hierarchical levels and assign individuals to them. We used two software pack-
ages to evaluate the reliability of our baseline dataset (i.e., reference data) for genetic discrimination and assignment: RUBIAS,
which performs genetic stock identification and associated tasks, and assignPOP, implementing a supervised machine-learning
genetic-assignment framework. Using numerical validation analyses, we assessed their suitability and limitations for origin in-
ference at each geographical level. Our results indicate that origin assignment is reliable in P. pinaster at the gene pool and region
of provenance levels, but less so at the population level, provided that the 10K SNP markers and a comprehensive genetic baseline
are used. Incomplete baselines may result in wrong assignments at any hierarchical level, irrespective of sampling intensity for
sampled candidate origins. We provide an extensive and publicly available baseline for P. pinaster, offering a useful tool for the
management of forest genetic resources of this economically and ecologically important tree species.

1 | Introduction to be identified and those of the candidate sources in a baseline

that could contribute to the target sample. Although genetic as-
Genetic assignment methods can be employed to ascertain signment methods have been most successfully applied to fish-
population membership of individuals or groups of individuals ery and marine organisms (e.g., Moran and Anderson 2019),
(Manel et al. 2005), based on the genotypes of the target sample most of the studies on forest trees are related to the identification
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Forest Reproductive Material Information System

EU list of basic materials

Deployment

Reproductive
material

Plantations

Seedlots, plant stocks

supplier's label or document

Control system

Definition

Any seed source, stand, seed orchard, intended for the production of forest reproductive material.

Forest reproductive material Seed unit or parts of plants intended for the production of planting stock, or a planting stock.
European Commission's Forest Reproductive Material Information System

FOREMATIS

(https://ec.europa.eu/forematis/index.xhtml)

For an autochthonous material, the origin is the place in which the trees are growing. For a non-
Origin autochthonous material, the origin is the place from which the seed or plants were originally introduced.

Area or group of areas subject to sufficiently uniform ecological conditions in which stands or seed sources

showing similar phenotypic or genetic characters are found, taking into account altitudinal boundaries where

Region of provenance appropriate.

Reproductive material derived from a stand located within a single region of provenance, which has been

Selected category
Seed source

phenotypically selected at the population level.
Trees within an area from which seed is collected.

Stand A delineated population of trees possessing sufficient uniformity in composition.

Source-identified category

Reproductive material derived from either a seed source or stand located within a single region of provenance.

FIGURE1 | Schematic representation of the process of marketing of forest reproductive material (FRM) according to the EU directive (Council
Directive 1999/105/EC, 2000) and main objectives of genetic identification of the material along the process. Text provides definitions of the terms
according to the EU policy. Qualified and tested materials are not included, as they are mostly based on individual tree characterization.

of species, traceability of illegal logging, or custody chain control
(Finkeldey et al. 2010; Deguilloux et al. 2003; Finch et al. 2020;
Peery et al. 2022; Jolivet and Degen 2012; Degen et al. 2022).

The origin of forest reproductive material (FRM, i.e., fruits, seeds
or part of plants intended for the production of planting stock;
see glossary in Figure 1) has transcendental implications for the
performance and the level of adaptation of forest trees to cur-
rent and future conditions (Alberto et al. 2013; Leites and Benito
Garzon 2023). Thus, it is a major focus of interest in afforesta-
tion, forestation, and restoration efforts (Jones 2013; Koskela
et al. 2014; Konnert et al. 2015; Jalonen et al. 2018).

There is a long tradition for national and international market-
ing regulation of FRM (Council Directive 1999/105/EC 2000,
Nanson 2001; Nyoka et al. 2011). These regulations aim to pro-
tect the end user by preserving the chain of custody throughout
the production and marketing process (Figure 1). Reproductive

materials are classified according to different categories (e.g.,
source identified, selected, qualified and tested). Source-identified
and selected categories can be obtained from a large number of
approved basic materials in the EU (Alia et al. 2022). For these
two categories, reproductive materials shall be characterized,
among others, by the region of provenance (or seed zone in other
regulation schemes) and, where appropriate, by the origin of the
material if known.

The supplier shall inform about the region of provenance of
any marketed reproductive material. However, forensic meth-
ods may be necessary in order to verify independently the al-
leged origin or to determine the origin when unknown. For
instance, a forensic method for tracing the origin of a seedlot
under a given seed regulation scheme involves assigning cate-
gorically or probabilistically the lot either to the true region of
provenance or to the true basic material from which the seed-
lot was collected, among all candidate sources (Nanson 2001).
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The latter approach has been implemented by storing repre-
sentative samples of all the reproductive material placed on
the market at the time of collection from an approved basic
material (Finkeldey et al. 2010; Westergren et al. 2017). In view
of the cross-border movement of materials (Jansen et al. 2019),
it is crucial to emphasize the importance of sample collection
from different countries, which will be used for baseline and
genetic assignment.

At a time when extreme weather events and a warming cli-
mate are accelerating the decline of European forests (Forest
Europe 2015), their restoration with appropriate reproductive
material of verifiable origin is more crucial than ever. In cases
of uncertainty, supplementing master certificates with unbiased
verification methods, such as genetic assignment techniques
using molecular markers, can provide an additional layer of
reliability. Genetic approaches provide stable, heritable mark-
ers that are unaffected by environmental factors; unlike, for
example, chemical fingerprinting, making them more reliable
for verifying the origin of forest products, ensuring accurate
traceability (Beeckman et al. 2020). These genetic approaches
rely on statistical methods to estimate the probability of differ-
ent origins by comparing genotypes in the target sample to ex-
pected genotype frequencies in the baseline sources (e.g., Milner
et al. 1985; Fournier et al. 1984; Millar 1987; Smouse et al. 1990;
Pella and Masuda 2000, 2006).

The power and practical utility of genetic assignment meth-
ods is determined by species-specific factors such as the abun-
dance and spatial distribution of the species, the level and
scale of spatial genetic structure, the completeness of the base-
line, the size of the target and baseline samples, and the cost.
Therefore, even if new genomic resources have the potential
to increase the power of genetic assignment (for instance
in scenarios with low genetic divergence among candidate
sources), it is necessary to evaluate the expected statistical be-
havior of available methods for a given species, genomic assay,
and particular baseline and target samples before practical
application. Note that these methods would be applicable to
FRM categories source identified and selected (EC Directive
1999/105), but would not be ideal for qualified and tested ma-
terials, as these two categories are based mainly on individual
selection; therefore, other fingerprinting methods could be
used instead (e.g., Cosin-Roldan et al. 2023 for Quercus ilex
and suber; Olsson et al. 2025 for Pinus pinea).

Forest tree species are characterized by a low level of domesti-
cation, and improved material in the early stages of breeding
still maintain similar values of diversity and low differentia-
tion with respect to natural populations (Olsson et al. 2023).
Studies on the evolutionary genetic diversity and population
genetic structure of forest tree species are essential before im-
plementing a tracing method. These studies typically reveal
a metapopulation structure, with large-scale gene pools, re-
flecting different long-term evolutionary and demographic
histories within species ranges (Milesi et al. 2019; Bruxaux
et al. 2024), but also genetic variation within gene pools
among distinct geographical or ecological regions (Gugger
et al. 2021). At a lower spatial scale, sampling and statistical
inference typically focus on populations, which from an evo-
lutionary perspective can be defined as a group of individuals

living in close enough proximity that any member of the
group can potentially mate with any other member (Waples
and Gaggiotti 2006). The degree of genetic differentiation ob-
served at the different hierarchical levels (e.g., among gene
pools, among region of provenances and among populations)
will determine at which of them genetic assignment is feasible.

Pinus pinaster Ait. (maritime pine) is a good example to address
the potential practical utility of genetic assignment methods to
trace the origin of reproductive material. It is a wind-dispersed
and wind-pollinated conifer native to the western Mediterranean
Basin that has been used extensively in plantations, with a large
number of approved basic materials (334 source-identified and
210 selected according to FOREMATIS, https://ec.europa.eu/
forematis/index.xhtml). Each of the defined regions of prove-
nance belongs to a single gene pool (except FR700, see below);
but as largely consistent studies using different kinds of molec-
ular markers show, highly divergent gene pools and large re-
gional and among-population variation exist (Bucci et al. 2007;
Rodriguez-Quilén et al. 2015; Jaramillo-Correa et al. 2015;
Theraroz et al. 2024).

In this study, we assess the expected feasibility and illustrate
the application of two commonly used genetic assignment
tools to ascertain the origin of P. pinaster individuals at the
gene pool, region of provenance, and population levels, given
our baseline samples. We provide and evaluate for the first
time a range-wide baseline genotypic dataset for a commer-
cially important conifer species, consisting of 1579 P. pinaster
trees from 86 populations in 45 regions of provenances and
10 gene pools, genotyped at 10,185 SNPs. We evaluate the
reliability of this baseline for genetic assignment based on
self-assignment tests, simulated mixtures of genotypes, and
cross-validation with resampling.

2 | Material and Methods
2.1 | Baseline Samples

We used a baseline dataset of 1579 P. pinaster individuals from
86 populations of known origin covering the distribution of the
species (Figure 2 and Table S1). The genotypic data that consti-
tutes the baseline of P. pinaster is available at Zenodo with DOI:
10.5281/zenodo.14950394. Population in this study refers to a
sampling location, usually spreading over a few hectares. These
samples comprised 1481 individuals and 82 populations ana-
lyzed by Theraroz et al. (2024), complemented by new sampling
from two populations in poorly represented areas in Tunisia (25
individuals) and Algeria (22 individuals), a commercial seed lot
from Ovar (Portugal) originating from local natural sources (22
individuals), as well as a relict natural stand (29 individuals)
growing close to a plantation in Fuencaliente (Central Spain).

2.2 | Genotyping and Quality Check

DNA was extracted from the samples collected for this study
using NucleoSpin Plant IT Kit (Macherey-Nagel GmbH & Co.
KG, Diiren, Germany), except the samples from Fuencaliente,
which were retrieved from Unger et al. (2016). The samples were
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FIGURE2 | Location of the 86 populations used in the study (dots), 44 regions of provenance (red lines) and known native distribution of the spe-
cies (green area), obtained from Theraroz et al. (2024). See Table S1 for population details. Approximate distribution of the regions of provenances

was obtained from national sources.

genotyped using Axiom's 4TREE array (including 13,408 SNPs
for P. pinaster) at Thermo Fisher's Microarray Research Services
Laboratory, Santa Clara (California, USA). We then merged
the newly obtained genotypes with the data set from Theraroz
et al. (2024) after retrieving the same SNPs using Affymetrix’s
software Axiom Analysis Suite v3.1 (Thermo Fischer Scientific,
Waltham, MA, USA).

We identified genetic duplicates accounting for genotyping er-
rors using the function mlg.filter from R-package poppr v2.9.5
(Kamvar et al. 2014, 2015), applying the farthest neighbor clus-
tering algorithm, Nei's distance, and a threshold selected with
the associated function cutoff_predictor, which searches for the
best cutoff threshold from statistics obtained using the wrapper
function filter_stats. The matchy_pairs function from R-package
RUBIAS v0.3.3 (Moran and Anderson 2019) yielded the same
duplicates when setting the minimum fraction of shared non-
missing genotypes at 0.85 and the minimum fraction of match-
ing non-missing genotypes at 0.97.

We conducted a principal component analysis (PCA) to detect
possible outliers, using the R package snpR with default settings
(Hemstrom and Jones 2022). We excluded individuals identified
as probable genetic duplicates and outliers from the baseline
dataset.

2.3 | Genetic Characterization of the Baseline
Dataset

We considered three nested levels for analysis: gene pool, region
of provenance, and population. First, we located each popula-
tion to its corresponding region of provenance, according to the
division in each country obtained from national sources (see
Figure 1). The allocation of populations into gene pools followed
Theraroz et al. (2024), which we tested and applied to the new
genotyped populations. One of the two populations within re-
gion of provenance FR700 (Mediterranean region in France)
is known to belong to the French-Atlantic gene pool (LCO,
see Theraroz et al. 2024), so it was assigned to a virtual region
FR700a to avoid mixing two gene pools in the same region of
provenance. In all, there were 10 gene pools and 46 regions of
provenance (Table S1). To estimate how discrete the defined
gene pools are, we inferred and visualized individual admixture
coefficients using sparse Non-Negative Matrix Factorization
algorithms. For this, we first selected the best K-value (K=10)
based on AIC using the fast likelihood approach of Beugin
et al. (2018), as implemented in function snapclust.choose.k of
the adegenet R package (Jombart and Ahmed 2011). We then
used the sNMF function from the R package LEA (Frichot
et al. 2014) implemented in the snpR R package (Hemstrom
and Jones 2022), considering K values ranging from 2 to 10
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and running 10 repetitions per K value. The results were col-
lapsed into consensus plots using CLUMPP (Jakobsson and
Rosenberg 2007). The pophelper (Francis 2017) R package was
used to visualize the results.

We computed allele-sharing summary statistics, including hier-
archical F-statistics for the three nested levels, with 1000 boot-
straps over loci to obtain confidence intervals, and pairwise Fy;
following Weir and Cockerham (1984), using the R package hi-
erfstat (Goudet 2005). Population-specific F; values were calcu-
lated with Bayescan v2.1 (Foll and Gaggiotti 2008).

2.4 | Assignment Methods and Validation
Algorithms

We considered two different genetic assignment methods, im-
plemented respectively in R packages RUBIAS (Moran and
Anderson 2019) and assignPOP (Chen et al. 2018). Our goal
was not to conduct a formal comparison of the performance
of the methods, but rather to assess the expected feasibility
and illustrate the application of two readily available genetic
assignment tools to trace the origin of P. pinaster reproductive
material, given our baseline samples. RUBIAS incorporates
the latest developments in genetic stock identification (GSI)
methods, formulated to conduct individual assignments and
to obtain unbiased estimates of the proportions of samples
in a target mixture (e.g., seed lots) originating from different
candidate sources (e.g., basic materials), based on expected
genotypic frequencies calculated from baseline samples. as-
signPOP represents a machine-learning alternative that uses
supervised classification functions to build predictive models
from genetic (and/or non-genetic) markers in baseline sam-
ples, models that are subsequently used to determine mem-
bership probabilities and assign individuals to the source
population (basic material in our case) with greatest probabil-
ity. Both RUBIAS and assignPOP have built-in functions that
allow evaluating the expected accuracy (proportion of correct
assignments) of the methods, which we used to validate our
baseline samples at three hierarchical levels: gene pool, re-
gions of provenance, and populations, as described below.

In the case of RUBIAS, we carried out the two validation ap-
proaches implemented in the available software. The first
one is a cross-validation leave-one-out procedure based on self-
assignments (self_assign function), where each individual in
the reference baseline is sampled in turn, and the proportion of
correctly assigned genotypes back to their own reference base-
line source is used to assess the expected assignment accuracy,
given the baseline and assuming that all the possible origins are
sampled (see Anderson et al. 2008 for details). RUBIAS allows
only two hierarchical levels for baseline samples, so we used the
self_assign function for two separate analyses, first considering
regions of provenance nested within gene pools, and second
considering populations nested within regions of provenance.
In the first case, we assigned each individual to the region of
provenance with the highest posterior probability and to the
gene pool with the highest sum of posterior probabilities across
the regions of provenance within it. We proceeded analogously
in the second case, but according to the population with the
highest posterior and the region of provenance with the highest

sum of posteriors across the populations within it. The second
validation approach is based on Monte Carlo simulation of mix-
tures of genotypes from baseline samples, and we characterized
the accuracy of assignments into populations, regions of prov-
enance, or gene pools using the RUBIAS function assess_refer-
ence_loo to simulate samples of size 200 assumed to originate
from a single source, with 100 independent replications. The
simulated samples were then analyzed (assuming their origin
is unknown) using the baseline samples and a leave-one-out
approach to compute genotypic likelihoods and the proportion
of individuals correctly assigned to the true source (Moran and
Anderson 2019). We thus mimicked a hypothetical practical sce-
nario where a seed lot has been collected from a single unknown
source (population, provenance or gene pool) and the ascertain-
ment of its origin is attempted based on a sample of 200 seeds.
In practice, according to the EU directive (see Figure 1), seed-
lots might be a mixture from more than one population, but we
did not evaluate this scenario here. In the visualization of the
simulation results, we considered the threshold of 90% assign-
ment probability to be acceptable, in line with common practice
(Beachman et al. 2020).

In the case of assignPOP, we evaluated assignment accuracy
using the built-in Monte Carlo procedure for cross-validation via
resampling (function assign.MC), which randomly samples an
adjustable proportion of individuals from each source to be used
as a training set, with the remaining being allocated to a test set.
In order to assess which genetic markers are more informative,
the program also allows choosing subsets of loci with the high-
est Fy; values. We used the support vector machine algorithm
as a classification model and calculated accuracy separately for
assignments to gene pools, regions of provenance, and popula-
tions, considering 90% randomly sampled individuals as a train-
ing set, 100% of used loci, and 100 independent replicates. In
order to test the sensitivity to sample size, we focused on assign-
ment to provenance regions and considered three proportions of
training individuals (50%, 70% and 90% from each source) and
four proportions of training loci (10%, 25%, 50% and 100% of loci
with highest F;), with 100 independent replicates for each com-
bination of training proportions.

Additionally, we tested the robustness of RUBIAS in terms of
false positives (wrong assignments) when the true source (e.g.,
basic material) is not represented in the baseline samples, a po-
tentially frequent scenario in practice. We focused on an illus-
trative example by removing selected baseline samples around
provenance region ES08 in Spain. The trees in ES08 typically
show crooked-stemmed phenotypes, so it might be problem-
atic from a management perspective if FRM collected within
this region of provenance gets wrongly assigned (because of
incomplete baselines) to another region with more desirable
phenotypes, or vice versa. In addition to ES08, the surrounding
regions of provenance having more than one sampled popula-
tion were also considered as potentially unsampled baselines,
namely ES03, ES04, and ES06. Assignment was conducted after
removing from the baseline set either one of these entire regions
of provenance or one of the baseline populations within them.

We performed all analyses using R v.4.2.2 (R Core Team 2020)
with the packages mentioned above, as well as ggplot2
(Wickham 2016) for visualization.
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FIGURE3 | (a)Genetic characterization of 1579 P. pinaster individual baseline samples, corresponding to ten predefined gene pools (indicated by
the codes in the lower horizontal axis) and 46 regions of provenance (indicated by the codes on the upper horizontal axis). The plot shows individual
ancestry coefficients calculated with the SNMF function from R package LEA with K=10 groups (indicated by colors), based on 10,185 SNP markers.
(b) Expected assignment accuracy to gene pools in P. pinaster using RUBIAS software. The contours of regions of provenances in each gene pool are
depicted. Pie charts indicate the expected proportion of correct (pale grey) and wrong (red) assignments for individuals originating from the corre-

sponding gene pool, according to Monte Carlo simulation of mixtures validation algorithm. Purple arrows indicate wrong gene pool assignments,

along with the percentage of wrongly assigned seeds. Baseline sample size is indicated for each gene pool within a circle.

3 | Results

3.1 | Genetic Characterization of the Baseline
Samples

As can be seen from the SNMF analysis and PCA, each region of
provenance belongs to a single gene pool, with the exception of
FR700 (Figure 3a, Figure S1). Therefore, the initial allocation of
populations into gene pools was maintained, and the four new
populations were added to the existing gene pools (see Table S1).

The calculated F-statistics showed substantial population ge-
netic structure (Fg; =0.276) for P. pinaster across its range. The
hierarchical analysis indicates that most of the observed genetic
differentiation corresponds to divergence among gene pools
(F4y=0.137). Although variation among regions of provenance
within gene pools is lower but still significant (Fy;,=0.024), the
differentiation among populations within regions of provenance
(F4r=0.099) is of a similar magnitude to that observed among
gene pools. The results show moderate differentiation among
populations within regions of provenance and high variation
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FIGURE 4 | Expected assignment accuracy to regions of provenance (shapes) and populations (circles) in P. pinaster using RUBIAS software,

according to Monte Carlo simulation of mixtures validation algorithm. The color codes for regions of provenances and populations indicate the as-

signment accuracy: Green > 0.90, yellow 0.80-0.90, orange 0.70-0.80, red <0.70.

among individuals within populations. Gene diversities were
similar across hierarchical levels, ranging from an average
of 0.225 in populations (Table S2) to an average of 0.238 in
gene pools.

3.2 | Expected Assignment Accuracy to Gene Pools

The genetic assignment methods implemented in RUBIAS and
assignPOP behaved similarly well when ascertaining gene pool
origin, as indicated by their respective built-in validation algo-
rithms. Specifically, validation of RUBIAS based on Monte Carlo
simulation of mixtures of genotypes (Figure 3b) yielded a very
high average assignment accuracy to gene pools for simulated
200-seed lots (99.2% on average, 97.3% for North East gene pool
and >99% for the others, see Figure 3b, Table S3). The few in-
dividuals in the simulated seed lots that were assigned to an in-
correct gene pool were mostly in gene pools that have a higher
level of admixed ancestry and from neighboring gene pools (in-
dividuals from Central Spain wrongly assigned to Southeastern
Spain, or from North East assigned to Corsica) (Figure 3).
Cross-validation of RUBIAS via leave-one-out self-assignments
consistently indicated that individual P. pinaster assignments
are correct on average 99.4% of the time at the gene pool level
(Table S4), ranging between 96.3% and 100% depending on the

actual gene pool of origin, with the lower accuracies observed
for North East (96.3%) and Central Spain (98.3%).

The expected accuracy of machine-learning-based assignments
to gene pools using assignPOP and our baseline samples was
similarly high overall (mean 99.4%, range 96.3%-100%), as indi-
cated by cross-validation via Monte Carlo resampling (Table S5).

3.3 | Expected Assignment Accuracy to Regions
of Provenance

Validation via Monte Carlo simulation of mixtures of genotypes
indicated that the expected accuracy of RUBIAS for genetic as-
signments of seed lots to regions of provenance was somewhat
lower than to gene pools, but still high (86.1%) on average, re-
maining above 90% in most cases, with exceptions generally
corresponding to regions of provenance comprising a single
sampled population and/or with small baseline sample sizes
(Figure 4, Table S6). The latter was the case, for instance, of the
two populations with the lowest accuracy (0%), namely ES-09
(all 10 individuals wrongly assigned to ES-08) and IT-3.2 (all six
individuals wrongly assigned to either IT-4.2 or IT-4.1). Cross-
validation of RUBIAS via leave-one-out self-assignments yielded
a similar expected accuracy for the assignment of individuals to
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FIGURES5 | Expected accuracy of the assignment of individuals to regions of provenance using assignPOP software with different proportions of
individuals in the training set (0.5, 0.7 and 0.9) and different proportions of used loci (0.1, 0.25, 0.5 and all loci). Results are based on cross-validation
via Monte Carlo resampling with 100 replicates for each combination of parameters. The total number of SNP loci was 10,185, which were ranked

and subsampled based on their F values.

regions of provenance (88.6% on average), and a similar sensitiv-
ity to low baseline sample size (Table S7).

The expected accuracy of genetic assignments of individuals to
regions of provenance using assignPOP was very similar (aver-
age of 88.8% across provenances) to that of RUBIAS, as indicated
by cross-validation via Monte Carlo resampling, with a similar
range between 0 and 100% and the lowest values associated with
small baseline samples (Table S5).

3.4 | Expected Assignment Accuracy to
Populations

The expected accuracy of RUBIAS for assigning seed lots to
populations was lower than for assigning them to regions of
provenance, with an average of 73.7% and a range of 0%-100%
across populations, according to Monte Carlo validation via sim-
ulated mixtures of genotypes (Figure 4; Figure S2). Validation
via leave-one-out self-assignments yielded a nearly identical ex-
pected accuracy for the assignment of individuals to populations
with RUBIAS (73.8% on average; Table S2). The accuracy of the
assignments ranged from 0% to 100% across populations, gen-
erally not reaching 90%. This shows that, when more than one
population from the same region of provenance had been gen-
otyped, they could not always be reliably identified as distinct
origins (see Table S2). In particular, all individuals from some
populations were wrongly assigned, which decreased the aver-
age proportion of correct assignments at the population level,
while still being mostly assigned to the correct region of prov-
enance. The results of genetic assignment to populations with
assignPOP had very similar expected accuracy, according to
cross-validation via Monte Carlo resampling, with a mean value
of 75.3% and a range between 0% and 100% across populations
(Table S5), with minimum and maximum expected accuracies

corresponding to the same populations as in the case of assign-
ments with RUBIAS.

3.5 | Sensitivity to Sample Size and Missing
Baselines

The expected accuracy of genetic assignment to regions of prov-
enance using assignPOP decreased with diminishing numbers
of used loci, whereas the effect of the number of individuals
used for training was comparatively smaller (Figure 5). With
0.1 proportion of loci (i.e., approx. 1000 markers) the average of
correct assignments to regions of provenance ranged from 0.624
to 0.655 with different proportions of individuals in the training
set (0.5, 0.7 and 0.9); with 0.25 proportion of the loci the values
ranged from 0.807 to 0.844; with 0.5 from 0.877 to 0.915; and
with all loci from 0.926 to 0.940.

Using RUBIAS software, removing an entire region of prove-
nance from the reference baseline invariably resulted in tested
individuals actually originating from that particular region
being wrongly assigned to other (genetically close) regions rep-
resented in the baseline (Table 1). In some cases (when either
ES04, ES06 or ES08 region of provenance was missing), wrong
assignments were distributed across several regions with low or
moderate (< 61%) probabilities, while in one case (ES03 missing)
individuals were preferentially wrongly assigned to a single re-
gion (with probability >80%). In addition, genetic assignment
to provenance regions was variably affected by the true source
population not being represented in the baseline when other
populations from the source provenance region were (Table 1).
In particular, the true source provenance region was still cor-
rectly identified as the most likely source (albeit with reduced
posterior probability) for provenance regions ES03 and ES08
when the specific source population was missing from the
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TABLE1 | Geneticassignment of P. pinaster individuals to regions of provenance using RUBIAS when either the true source region of provenance

(codes in normal font) or the true source population (codes in italics) are missing from the reference baseline samples. Estimates are the proportion

of individuals in the test set (assumed to have originated from the source that is missing in the baseline) assigned to the specified provenance region.
Median, lower (1oCI) and upper (hiCI) 95% credibility interval limits are included. Up to three other regions of provenance are included with median

values greater than zero.

Assigned provenance region

Missing baseline Code Median loCI hiCI Other regions of provenance assigned (median)
ES03 ES08 0.813 0.678 0.905 ES04 (0.016), ES06 (0.046), ES11 (0.095)
ES03_ONA ES03 0.971 0.852 0.999

ES03_SOB ES03 0.807 0.626 0.928 ES08 (0.158)

ES04 ES08 0.339 0.214 0.488 ES05 (0.239), ES06 (0.248), PT04 (0.069)
ES04_PFQ ES04 0.916 0.768 0.987 ES08 (0.036)

ES04_SAH ES05 0.281 0.126 0.496 ES06 (0.207), ES08 (0.166), PT04 (0.138)
ES06 ES05 0.609 0.432 0.771 ES04 (0.055), ES08 (0.264), ES11 (0.024)
ES06_ARN ES05 0.641 0.407 0.842 ES04 (0.041), ES08 (0.241)
ES06_CEN ES05 0.396 0.139 0.701 ES04 (0.074), ES06 (0.350)

ES08 ES05 0.347 0.252 0.45 ES06 (0.143), ES09 (0.209), ES11 (0.178)
ES08_BAY ES08 0.959 0.794 0.999

ES08_CAR ES08 0.901 0.547 0.997

ES08_cocC ES08 0.905 0.716 0.987 ESF (0.039)

ES08_CUE ES08 0.846 0.999 0.973

ES08_QUI ES08 0.459 0.849 0.676 ES11 (0.281)

baseline. This was not the case, however, for provenance region
ES06 and its two baseline populations, or for provenance region
ES04 when the ES04_SAH population was missing.

4 | Discussion

Our validation analyses indicate that in a forest tree species
that is highly geographically structured, such as P. pinaster
(Jaramillo-Correa et al. 2015), origin identification via genetic
assignment methods can be expected to work well at the gene
pool and region of provenance levels (but less so at the popu-
lation level), provided sufficient markers and a comprehensive
genetic baseline are used. Assignment accuracy increased with
baseline sample size and number of loci, as reported in previ-
ous studies (Ackerman et al. 2011; Beacham et al. 2012; Araujo
et al. 2014), but incomplete baselines may result in wrong as-
signments irrespective of the sampling intensity of candidate
sources.

4.1 | Considerations on the Baseline

The baseline presented in this study is the most comprehensive
genotypic data set for P. pinaster available so far, but still not
perfect. In order to achieve reliable assignment, the baseline
should be as comprehensive as possible, representing all possi-
ble origins at the desired hierarchical level of assignment, with a
sufficient number of individuals per population, populations per

region of provenance, and regions of provenance per gene pool.
Natural populations have been the main sampling target in pre-
vious population genetic range-wide studies of P. pinaster (e.g.,
Bucci et al. 2007; Theraroz et al. 2024); however, in addition to
these natural populations, plantations of known origin should
be included in the baseline (clearly labeled as such), as they rep-
resent a high proportion of the species distribution area (Freer-
Smith et al. 2019). These plantations should not be discarded a
priori as candidate sources of FRM of unknown origin. They
may affect the spatial genetic structure of the species in the long
term and may have particular phenotypic characteristics as a
result of accelerated “landrace-like” development in plantations
(Ribeiro et al. 2001; MacLachlan et al. 2021; Olsson et al. 2023).

Our baseline includes all previously defined gene pools for the
study species, and it comprises abundant population replication
across most of them, except for those located in very small areas
(e.g., Fuencaliente, Punta Cires and the Tunisian populations),
in which sampling cannot be significantly extended. Within
gene pools, sample sizes for different regions of provenance were
unequal and should be improved, especially those with still a low
level of accuracy (e.g., ES-PPA07 or ES-PPA09). Furthermore, a
few of the defined regions of provenance of the species are not
represented in our baseline (e.g., regions of provenance consist-
ing of plantations in Portugal were not included), but could be
easily added in the future to avoid wrong assignments when
testing samples potentially originating from those regions.
Constructing a comprehensive baseline at the population level is
far more challenging for widespread species such as P. pinaster,
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however, due to the large amount and continuous distribution of
existing populations. Therefore, results of genetic assignment at
the population level using the current baseline should be taken
with caution. Likewise, the large amount of some categories of
FRM available for many species (e.g., 534 basic material units of
the source-identified and selected categories are included in the
European FOREMATIS database for P. pinaster) does not allow
a cost-effective genetic characterization of those materials ex-
haustive enough for accurate genetic assignment in most species
and countries.

The dataset made available in this study represents the first at-
tempt to build a range-wide baseline for genetic assignment of
FRM in a forest tree species, and it should be regarded as the
basis for a comprehensive reference database for origin identifi-
cation, to be complemented with new data for P. pinaster and to
be extended to other important forest tree species. It should be
noted, however, that accurate genetic assignment will be more
challenging for species with weaker genetic differentiation and/
or more continuous spatial distributions than P. pinaster, as il-
lustrated, for instance, by the decreased assignment accuracy
that we observed in our analysis for provenance regions with
low genetic differentiation from other provenances.

4.2 | Expected Assignment Accuracy

According to their built-in validation algorithms, the genetic
assignment methods implemented in RUBIAS and assignPOP
show very similar expected accuracies across all hierarchical
levels considered for our P. pinaster baseline (gene pool, region
of provenance and population), and both could be recommended
as tools for FRM identification. RUBIAS conducts individual as-
signments and additionally explicitly estimates mixture propor-
tions, while it also conveniently implements assignment at two
hierarchical levels (e.g., populations nested within regions of
provenance), and it is quite flexible to summarize statistics. This
method has long been used in fisheries research and manage-
ment for genetic stock identification and is still frequently up-
dated (Anderson et al. 2008; Beachman et al. 2020; Moran and
Anderson 2019). Our study shows that it is promising to extend
its practical application to forestry.

Our results also showed that if the true origin is absent from
baseline samples, then most test individuals will be assigned
to an incorrect sampled baseline, typically to the one geneti-
cally closer to the true origin, sometimes with high probability
(Beacham et al. 2012). The genetic assignment method should
be able to detect cases where the actual source of the material
is not an approved unit. Such cases could constitute fraud in
the marketing of FRM by violating EU regulations, and in ad-
dition, there is a risk of wrongly assigning the material to an
approved basic material—especially if the actual source is not
included in the reference dataset used for testing. In addition,
and maybe more surprisingly, our results showed that missing a
single population within a region of provenance may result not
only in higher uncertainty, but even in wrong assignments to a
different region. The reason could be related to the small sam-
ple size of the remaining sampled population within the region
(e.g., ARN and CEN from ES06), and/or to high genetic differ-
entiation among populations within some regions (e.g., PFQ and

SAH from ES04). Several approaches have been proposed to
address the challenging task of detecting individuals originat-
ing from unsampled sources (e.g., Smouse et al. 1990; Dawson
and Belkhir 2021; Pella and Masuda 2006). Among them, the
RUBIAS software manual (see https://github.com/eriqgande/
rubias) proposes the usage of z-scores for raw genotype log-
likelihoods, comparing their value for each test individual (cal-
culated based on the mean and standard deviation of genotype
log-likelihoods of reference individuals in the candidate source
with the highest posterior probability) against the standard nor-
mal distribution. However, to our knowledge, these approaches
have not been yet properly validated and deserve further theo-
retical examination before practical application.

Moreover, our analyses indicated that assignment accuracy in-
creases with baseline sample size, number of loci, and genetic di-
vergence among candidate sources. Provided a large number of
molecular markers (around 10,000 in our baseline), it is possible
to achieve good assignment accuracy for P. pinaster at the gene
pool and region of provenance levels. By contrast, the smaller
baseline sample sizes and the low level of divergence among P.
pinaster populations within some particular regions make as-
signment to populations more difficult, because the number
of markers and sample size needed to discriminate candidate
sources is inversely proportional to their genetic divergence
(Patterson et al. 2006). As assignment accuracy is very high at
the gene pool level, fewer markers would suffice to distinguish
between gene pools. However, more markers are required for
genetic assignment than for verifying a suspected origin (i.e., the
probability of exclusion), where very high probabilities can be
achieved with a small number of markers (Primmer et al. 2000).

Given the strong macro-geographical genetic structure of P. pin-
aster, the assignment accuracies to each of the defined gene pools
was, as expected, very high, with a very small proportion of indi-
viduals incorrectly assigned to adjacent gene pools. The wrong
assignments could be due to occasional gene flow between the
gene pools. Accurate identification of individual origin at this
geographical level could be of major interest for conservation,
as gene pool limits may be considered a template for designing
management units (MUs) sensu Moritz (1994) within the nat-
ural range of P. pinaster (Bucci et al. 2007; Rodriguez-Quilon
et al. 2016). Accurate assignment to gene pools is also most
useful in the context of marketing of forest products, allow-
ing, for instance, an efficient detection of unwanted Iberian
FRM of P. pinaster marketed within France (as conducted with
more geographically limited baselines using cpSSRs by Ribeiro
et al. 2002), or range-wide timber geographical origin identifi-
cation (as conducted with cpDNA in other species, e.g., Blanc-
Jolivet et al. 2018, Ng et al. 2017, Deguilloux et al. 2003).

At lower geographical scale, most (around 70%) of the regions
of provenance showed high (>90%) assignment accuracy. These
results suggest that the assignment methods employed provide a
useful molecular tool for verifying the declared provenance re-
gion of P. pinaster FRM used for afforestation (although applica-
ble only in some gene pools), which is considered challenging for
many forest tree species (Finkeldey et al. 2010; Peery et al. 2022).
Some of the regions with poor assignment accuracy had very few
sampled individuals (ES-PPA09 and IT-PPA3.2), stressing the
importance of collecting large enough baseline samples, which
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would be easily achievable for these provenances. For some
other regions of provenance, however, reaching high assign-
ment accuracy may be difficult even with many markers and
sampled individuals because of very low genetic differentiation
from other provenances (e.g., the pair of provenances ESPPA10
and ESPPA11 with a pairwise Fq;. 0.038, and the trio ESPPA12,
ESPPA13 and ESPPA14 with pairwise F; values ranging from
0.031 to 0.044). Low discrimination among particular prove-
nances impinges on the application of assignment methods for
the identification of marketed FRM (EU Directive 1999/105), as
it would compromise the detection of allochthonous material
translocations. It should be noted, however, that poorly differ-
entiated provenances within the same gene pool are typically
geographically proximate, morphologically similar, and exhibit
only minor climatic differences (Alia and Moro 1996). If low mo-
lecular differentiation among these provenance regions reflects
low adaptive divergence, there would be no practical need for
the end user to distinguish between them genetically. Overall
assignment accuracy for the species could be improved by pool-
ing these provenances. An alternative approach would be to
attempt to improve molecular discrimination by using newly de-
veloped markers (e.g., Hufford et al. 2016; Fremount et al. 2021).

At the population level, assignment accuracy was especially low
for populations with smaller sample sizes, or when they were lo-
cated within particular regions of provenance where several ge-
netically similar populations had been included in the baseline.
Population sample size and population-specific genetic differ-
entiation (population-specific F values) were in fact both sig-
nificantly correlated with the observed population assignment
accuracy values, explaining about 37% of its variance (multiple
linear regression R?=0.366, F=23.98, p<0.001; unique vari-
ance estimates of 33% and 6% for sample size and Fg;, respec-
tively). Populations with higher assignment accuracy frequently
were the only ones sampled within some provenance regions,
and therefore corresponded to cases where the population and
region of provenance effects were confounded, in absence of
population sampling replication. Some isolated and small base-
line populations (e.g., in Fuencaliente, southeastern Spain,
North Africa and Pantelleria) are actually the only ones present
in the region. In other cases, sampling more than one population
within the corresponding region of provenance would probably
result in improved assignment accuracy to that region but de-
creased accuracy at the population level. From a practical point
of view, we cannot recommend the used methods for accurate
determination of the population origin of FRM (e.g., identifica-
tion of the basic material or conservation unit from which a seed
lot was collected), unless baseline sample sizes were increased
at the population level and yielded higher expected accuracies in
validation tests as the ones conducted here.

The application of forensic methods, including DNA finger-
printing, to forest tree species has been widely implemented
for ascertaining the origin of timber products (e.g., oak barrels,
illegal timber) (Deguilloux et al. 2003; Ng et al. 2017; Finch
et al. 2020), but this study demonstrates their application, based
on a well-documented baseline, to the identification of FRM in
restoration and conservation activities. The proposed baseline
and assignment approaches could be easily applied to the anal-
ysis of P. pinaster seedlots and planting stock, or to determine
the source of existing plantations of unknown origin, helping

to understand complex patterns of genetic structure in some of
the regions where undocumented historical seed transfers have
been frequent (e.g., Portugal and Northern Spain). The proposed
framework for origin identification can also help in landscape
management within regions consisting of a mosaic of natural
forests and plantations, where no records on the origin of the
stands are available. This information could help update maps
of natural forest distribution, which are essential to the sustain-
able management of biodiversity. The baseline used in this study
was generated with a commercially available genotyping array,
ensuring robust and accessible data that can easily be comple-
mented with new data or be used as reference for other studies.
This accessibility enhances the applicability of our research to
various real-life scenarios.

Acknowledgments

The study received funding from MITECO (MITECO2023-AF.
20234TE003. “Conservaciéon y uso sostenible de recursos genéticos
forestales”), EVOLTREE network of Excellence, Opportunity grant
(“Diagnostic genetic markers to ascertain the origin of forest repro-
ductive material in Pinus pinaster”) and the European H2020 project
FORGENIUS (grant agreement no. 862221). Carmen Garcia Barriga has
collaborated in the extraction of DNA for analysis. Rodrigo Pulido Sanz
is acknowledged for help in visualization of the results. Views and opin-
ions expressed are, however, those of the authors only and do not neces-
sarily reflect those of the European Union or other entities financially
supporting the project. Neither the European Union nor the granting
authorities can be held responsible for them.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Data for this study are available at Zenodo with DOI: https://doi.org/10.
5281/zenodo.14950394 (to be publicly released after manuscript is ac-
cepted for publication).

References

Ackerman, M. W., C. Habicht, and L. W. Seeb. 2011. “Single-Nucleotide
Polymorphisms SNPs Under Diversifying Selection Provide Increased
Accuracy and Precision in Mixed-Stock Analyses of Sockeye Salmon
From the Copper River, Alaska.” Transactions of the American Fisheries
Society 140, no. 3: 865-881. https://doi.org/10.1080/00028487.2011.
588137.

Alberto, F.J.,S. N. Aitken, R. Alia, et al. 2013. “Potential for Evolutionary
Responses to Climate Change—Evidence From Tree Populations.”
Global Change Biology 19:1645-1661. https://doi.org/10.1111/gcb.12181.

Alia, R., and J. Moro. 1996. “Performance of Pinus pinaster Ait.
Provenances in Central Spain.” Forest Systems 5, no. 1: 57-75. https://
doi.org/10.5424/554.

Alia, R., E. Notivol, J. Climent, et al. 2022. “Local Seed Sourcing for
Sustainable Forestry.” PLoS One 17: 1-16. https://doi.org/10.1371/journ
al.pone.0278866.

Anderson, E. C.,R. S. Waples, and S. T. Kalinowski. 2008. “An Improved
Method for Predicting the Accuracy of Genetic Stock Identification.”
Canadian Journal of Fisheries and Aquatic Sciences 657: 1475-1486.
https://doi.org/10.1139/F08-049.

Araujo, H. A,, J. R. Candy, T. D. Beacham, B. White, and C. Wallace.
2014. “Advantages and Challenges of Genetic Stock Identification

Evolutionary Applications, 2025

11 of 14

85U80|7 SUOWILWIOD BAIER.D 8|qed![dde 8Ly Aq pausenob ae S9olie YO 8Sn JO S3|NJ 10} A%eud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//SANY) SUORIPUOD Pue SWe 1 84 89S *[G202/2T/E0] U0 AkeiqiaulluO A8]IM ‘@Inisu| Alise.o4 UeIleAols Aq GiT0Z @A TTTT 0T/I0P/L0o A3 |1m Aeid 1 |eul|uo//sdny woly pepeojumoa ‘ZT ‘620z ‘T/Sh2SLT


https://doi.org/10.5281/zenodo.14950394
https://doi.org/10.5281/zenodo.14950394
https://doi.org/10.1080/00028487.2011.588137
https://doi.org/10.1080/00028487.2011.588137
https://doi.org/10.1111/gcb.12181
https://doi.org/10.5424/554
https://doi.org/10.5424/554
https://doi.org/10.1371/journal.pone.0278866
https://doi.org/10.1371/journal.pone.0278866
https://doi.org/10.1139/F08-049

in Fish Stocks With Low Genetic Resolution.” Transactions of the
American Fisheries Society 143, no. 2: 479-488. https://doi.org/10.1080/
00028487.2013.855258.

Beacham, T. D., J. R. Candy, C. Wallace, M. Wetklo, L. Deng, and C.
MacConnachie. 2012. “Microsatellite Mixed-Stock Identification of
Coho Salmon in British Columbia.” Marine and Coastal Fisheries 4:
85-100. https://doi.org/10.1080/19425120.2012.661393.

Beachman, T. D., C. Wallace, K. Jonsen, et al. 2020. “Accurate
Estimation of Conservation Unit Contribution to Coho Salmon Mixed-
Stock Fisheries in British Columbia, Canada, Using Direct DNA
Sequencing for Single Nucleotide Polymorphisms.” Canadian Journal
of Fisheries and Aquatic Sciences 77, no. 8: 1302-1315. https://doi.org/
10.1139/cjfas-2019-0339.

Beeckman, H., C. Jolivet-Blanc, L. Boeschoten, et al. 2020. “Overview
of Current Practices in Data Analysis for Wood Identification: A Guide
for the Different Timber Tracking Methods.” In Global Timber Tracking
Network, GTTN Secretariat. European Forest Institute and Thiinen
Institute. https://doi.org/10.13140/RG.2.2.21518.79689.

Beugin, M. P., T. Gayet, D. Pontier, S. Devillard, and T. Jombart. 2018. “A
Fast Likelihood Solution to the Genetic Clustering Problem.” Methods in
Ecology and Evolution 9: 1006-1016. https://doi.org/10.1111/nph.19563.

Blanc-Jolivet, C., Y. Yanbaev, B. Kersten, and B. Degen. 2018. “A Set of
SNP Markers for Timber Tracking of Larix spp. in Europe and Russia.”
Forestry: An International Journal of Forest Research 91, no. 5: 614-628.
https://doi.org/10.1093/forestry/cpy020.

Bruxaux, J., W. Zhao, D. Hall, et al. 2024. “Scots Pine—Panmixia and
the Elusive Signal of Genetic Adaptation.” New Phytologist 243, no. 3:
1231-1246. https://doi.org/10.1111/nph.19563.

Bucci, G., S. C. Gonzdlez-Martinez, G. Le Provost, et al. 2007. “Range-
Wide Phylogeography and Gene Zones in Pinus pinaster Ait. Revealed
by Chloroplast Microsatellite Markers.” Molecular Ecology 16: 2137-
2153. https://doi.org/10.1111/§.1365-294x.2007.03275.X.

Chen, K.-Y., E. A. Marschall, M. G. Sovic, A. C. Fries, H. L. Gibbs, and S.
A. Ludsin. 2018. “assignPOP: An r Package for Population Assignment
Using Genetic, Non-Genetic, or Integrated Data in a Machine-Learning
Framework.” Methods in Ecology and Evolution 9: 439-446. https://doi.
0rg/10.1111/2041-210X.12897.

Cosin-Roldén, J., U. Lopez de Heredia, and A. Soto. 2023. “Highly
Informative Markers for Routine Individual Identification and
Certification of Forest Reproductive Material in Quercus ilex and Q.
suber and Their Hybrids.” Forest Ecology and Management 544: 121243.
https://doi.org/10.1016/j.foreco.2023.121243.

Dawson, K. J., and K. Belkhir. 2021. “A Bayesian Approach to the
Identification of Panmictic Populations and the Assignment of
Individuals.” Genetic Research 78: 59-77. https://doi.org/10.1017/s0016
67230100502x.

Degen, B., Y. Yanbaev, R. Ianbaev, C. Blanc-Jolivet, M. Mader, and S.
Bakhtina. 2022. “Large-Scale Genetic Structure of Quercus robur in
Its Eastern Distribution Range Enables Assignment of Unknown Seed
Sources.” Forestry: An International Journal of Forest Research 95: 531-
547. https://doi.org/10.1093/forestry/cpac009.

Deguilloux, M. F., M. H. Pemonge, L. Bertel, A. Kremer, and R. Petit.
2003. “Checking the Geographical Origin of Oak Wood: Molecular and
Statistical Tools.” Molecular Ecology 12: 1629-1636. https://doi.org/10.
1046/j.1365-294X.2003.01836.x.

Finch, K. N,, R. C. Cronn, M. C. Ayala Richter, et al. 2020. “Predicting
the Geographic Origin of Spanish Cedar (Cedrela odorata L.) Based on
DNA Variation.” Conservation Genetics 21: 625-639. https://doi.org/10.
1007/s10592-020-01282-6.

Finkeldey, R., L. Leinemann, and O. Gailing. 2010. “Molecular
Genetic Tools to Infer the Origin of Forest Plants and Wood.” Applied
Microbiology and Biotechnology 85: 1251-1258. https://doi.org/10.1007/
$00253-009-2328-6.

Foll, M., and O. E. Gaggiotti. 2008. “A Genome Scan Method to Identify
Selected Loci Appropriate for Both Dominant and Codominant Markers:
A Bayesian Perspective.” Genetics 180: 977-993. https://doi.org/10.1534/
genetics.108.092221.

Forest Europe. 2015. State of Europe’s Forests 2015. Forest Europe.

Fournier, D. A., T. D. Beacham, B. E. Riddell, and C. A. Busack.
1984. “Estimating Stock Composition in Mixed Stock Fisheries
Using Morphometric, Meristic, and Electrophoretic Characteristics.”
Canadian Journal of Fisheries and Aquatic Sciences 41: 400-408.
https://doi.org/10.1139/f84-047.

Francis, R. M. 2017. “Pophelper: ‘An R Package and Web App to Analyse

and Visualize Population Structure’.” Molecular Ecology Resources 17:
27-32. https://doi.org/10.1111/1755-0998.12509.

Freer-Smith, P., B. Muys, M. Bozzano, et al. 2019. “Plantation Forests
in Europe: Challenges and Opportunities.” From Science to Policy 9.
European Forest Institute. https://doi.org/10.36333/{s0.

Fremount, T., T. Evert, K. T. Bocanegra-Gonzalez, et al. 2021. “Dynamic
Seed Zones to Guide Climate-Smart Seed Sourcing for Tropical Dry
Forest Restoration in Colombia.” Forest Ecology and Management 490:
119127. https://doi.org/10.1016/j.foreco.2021.119127.

Frichot, E., F. Mathieu, T. Trouillon, G. Bouchard, and O. Frangois. 2014.
“Fast and Efficient Estimation of Individual Ancestry Coefficients.”
Genetics 196: 973-983. https://doi.org/10.1534/genetics.113.160572.

Goudet, J. 2005. “HIERFSTAT, a Package for R to Compute and Test
Hierarchical F-Statistics.” Molecular Ecology Notes 5, no. 1: 184-186.
https://doi.org/10.1111/j.1471-8286.2004.00828.x.

Gugger, P. F., S. T. Fitz-Gibbon, A. Albarran-Lara, J. W. Wright, and V.
L. Sork. 2021. “Landscape Genomics of Quercus lobata Reveals Genes
Involved in Local Climate Adaptation at Multiple Spatial Scales.”
Molecular Ecology 30: 406-423. https://doi.org/10.1111/mec.15731.

Hemstrom, W., and M. Jones. 2022. “snpR: User Friendly Population
Genomics for SNP Data Sets With Categorical Metadata.” Molecular
Ecology Resources 23, no. 4: 962-973. https://doi.org/10.1111/1755-0998.
13721.

Hufford, K. M., E. J. Veneklaas, H. Lambers, and S. L. Krauss. 2016.
“Genetic Delineation of Local Provenance Defines Seed Collection
Zones Along a Climate Gradient.” AoB Plants 8: plv149. https://doi.org/
10.1093/aobpla/plv149.

Jakobsson, M., and N. A. Rosenberg. 2007. “CLUMPP: A Cluster
Matching and Permutation Program for Dealing With Label Switching
and Multimodality in Analysis of Population Structure.” Bioinformatics
23, no. 14: 1801-1806. https://doi.org/10.1093/bioinformatics/btm233.

Jalonen, R., M. Valette, D. Boshier, J. Duminil, and E. Thomas. 2018.
“Forest and Landscape Restoration Severely Constrained by a Lack of
Attention to the Quantity and Quality of Tree Seed: Insights From a
Global Survey.” Conservation Letters 11, no. 4: e12424. https://doi.org/
10.1111/conl.12424.

Jansen, S., H. Konrad, and T. Geburek. 2019. “Crossing Borders—
European Forest Reproductive Material Moving in Trade.” Journal of
Environmental Management 233: 308-320. https://doi.org/10.1016/j.
jenvman.2018.11.079.

Jaramillo-Correa, J. P. I., D. Rodriguez-Quién, D. Grivet, et al. 2015.
“Molecular Proxies for Climate Maladaptation in a Long-Lived Tree
(Pinus pinaster Aiton, Pinaceae).” Genetics 199: 793-807. https://doi.
org/10.1534/genetics.114.173252.

Jolivet, C., and B. Degen. 2012. “Use of DNA Fingerprints to Control
the Origin of Sapelli Timber Entandrophragma cylindricum at the
Forest Concession Level in Cameroon.” Forensic Science International:
Genetics 6: 487-493. https://doi.org/10.1016/j.fsigen.2011.11.002.

Jombart, T., and I. Ahmed. 2011. “Adegenet 1.3-1: New Tools for the
Analysis of Genome-Wide SNP Data.” Bioinformatics 27, no. 21: 3070-
3071. https://doi.org/10.1093/bioinformatics/btr521.

12 of 14

Evolutionary Applications, 2025

85U80|7 SUOWILWIOD BAIER.D 8|qed![dde 8Ly Aq pausenob ae S9olie YO 8Sn JO S3|NJ 10} A%eud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//SANY) SUORIPUOD Pue SWe 1 84 89S *[G202/2T/E0] U0 AkeiqiaulluO A8]IM ‘@Inisu| Alise.o4 UeIleAols Aq GiT0Z @A TTTT 0T/I0P/L0o A3 |1m Aeid 1 |eul|uo//sdny woly pepeojumoa ‘ZT ‘620z ‘T/Sh2SLT


https://doi.org/10.1080/00028487.2013.855258
https://doi.org/10.1080/00028487.2013.855258
https://doi.org/10.1080/19425120.2012.661393
https://doi.org/10.1139/cjfas-2019-0339
https://doi.org/10.1139/cjfas-2019-0339
https://doi.org/10.13140/RG.2.2.21518.79689
https://doi.org/10.1111/nph.19563
https://doi.org/10.1093/forestry/cpy020
https://doi.org/10.1111/nph.19563
https://doi.org/10.1111/j.1365-294x.2007.03275.x
https://doi.org/10.1111/2041-210X.12897
https://doi.org/10.1111/2041-210X.12897
https://doi.org/10.1016/j.foreco.2023.121243
https://doi.org/10.1017/s001667230100502x
https://doi.org/10.1017/s001667230100502x
https://doi.org/10.1093/forestry/cpac009
https://doi.org/10.1046/j.1365-294X.2003.01836.x
https://doi.org/10.1046/j.1365-294X.2003.01836.x
https://doi.org/10.1007/s10592-020-01282-6
https://doi.org/10.1007/s10592-020-01282-6
https://doi.org/10.1007/s00253-009-2328-6
https://doi.org/10.1007/s00253-009-2328-6
https://doi.org/10.1534/genetics.108.092221
https://doi.org/10.1534/genetics.108.092221
https://doi.org/10.1139/f84-047
https://doi.org/10.1111/1755-0998.12509
https://doi.org/10.36333/fs0
https://doi.org/10.1016/j.foreco.2021.119127
https://doi.org/10.1534/genetics.113.160572
https://doi.org/10.1111/j.1471-8286.2004.00828.x
https://doi.org/10.1111/mec.15731
https://doi.org/10.1111/1755-0998.13721
https://doi.org/10.1111/1755-0998.13721
https://doi.org/10.1093/aobpla/plv149
https://doi.org/10.1093/aobpla/plv149
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1111/conl.12424
https://doi.org/10.1111/conl.12424
https://doi.org/10.1016/j.jenvman.2018.11.079
https://doi.org/10.1016/j.jenvman.2018.11.079
https://doi.org/10.1534/genetics.114.173252
https://doi.org/10.1534/genetics.114.173252
https://doi.org/10.1016/j.fsigen.2011.11.002
https://doi.org/10.1093/bioinformatics/btr521

Jones, T. A. 2013. “When Local Isn't Best.” Evolutionary Applications
6:1109-1118.

Kamvar, Z. N., J. C. Brooks, and N. J. Griinwald. 2015. “Novel R Tools
for Analysis of Genome-Wide Population Genetic Data With Emphasis
on Clonality.” Frontiers in Genetics 6: 208. https://doi.org/10.3389/fgene.
2015.00208.

Kamvar, Z. N., J. F. Tabima, and N. J. Griinwald. 2014. “Poppr: An R
Package for Genetic Analysis of Populations With Clonal, Partially
Clonal, and/or Sexual Reproduction.” PeerJ 2: e281. https://doi.org/10.
7717/peer;j.281.

Konnert, M., B. Fady, D. Gémory, et al. 2015. Use and Transfer of Forest
Reproductive Material in Europe in the Context of Climate Change.
Bioversity International.

Koskela, J., B. Vinceti, W. Dvorak, et al. 2014. “Utilization and Transfer
of Forest Genetic Resources: A Global Review.” Forest Ecology and
Management 333: 22-34.

Leites, L., and M. Benito Garzén. 2023. “Forest Tree Species
Adaptation to Climate Across Biomes: Building on the Legacy of
Ecological Genetics to Anticipate Responses to Climate Change.”
Global Change Biology 29, no. 17: 4711-4730. https://doi.org/10.1111/
gcb.16711.

MacLachlan, I. R., T. K. McDonald, B. M. Lind, L. H. Rieseberg, S.
Yeaman, and S. N. Aitken. 2021. “Genome-Wide Shifts in Climate-
Related Variation Underpin Responses to Selective Breeding in a
Widespread Conifer.” Proceedings of the National Academy of Sciences
of the United States of America 118, no. 10: €2016900118. https://doi.org/
10.1073/pnas.2016900118.

Manel, S., O. E. Gaggiotti, and R. S. Waples. 2005. “Assignment Methods:
Matching Biological Questions With Appropriate Techniques.” Trends
in Ecology & Evolution 20: 136-142. https://doi.org/10.1016/j.tree.2004.
12.004.

Milesi, P., M. Berlin, J. Chen, et al. 2019. “Assessing the Potential for
Assisted Gene Flow Using Past Introduction of Norway Spruce in
Southern Sweden: Local Adaptation and Genetic Basis of Quantitative
Traits in Trees.” Evolutionary Applications 12, no. 10: 1946-1959.
https://doi.org/10.1111/eva.12855.

Millar, R. B. 1987. “Maximum Likelihood Estimation of Mixed Stock
Fishery Composition.” Canadian Journal of Fisheries and Aquatic
Sciences 44: 583-590. https://doi.org/10.1139/f87-071.

Milner, G. B., D. J. Teel, F. M. Utier, and G. A. Winans. 1985. “A Genetic
Method of Stock Identification in Mixed Populations of Pacific Salmon,
Oncorhynchus spp.” Marine Fisheries Review 47, no. 1: 1-8.

Moran, B. M., and E. C. Anderson. 2019. “Bayesian Inference From the
Conditional Genetic Stock Identification Model.” Canadian Journal of
Fisheries and Aquatic Sciences 76: 551-560. https://doi.org/10.1139/cjfas
-2018-0016.

Moritz, C. 1994. “Defining ‘Evolutionarily Significant Units’ for
Conservation.” Trends in Ecology & Evolution 9: 373-375. https://doi.
0rg/10.1016/0169-5347(94)90057-4.

Nanson, A. 2001. “The New OECD Scheme for the Certification of
Forest Reproductive Materials.” Silvae Genetica 50: 181-187.

Ng, C. H., S. L. Lee, L. H. Tnah, et al. 2017. “Geographic Origin and
Individual Assignment of Shorea platyclados (Dipterocarpaceae) for
Forensic Identification.” PLoS One 12, no. 4: e0176158. https://doi.org/
10.1371/journal.pone.0176158.

Nyoka, B. I, O. C. Ajayi, F. K. Akinnifesi, et al. 2011. “Certification of
Agroforestry Tree Germplasm in Southern Africa: Opportunities and
Challenges.” Agroforestry Systems 83: 75-87.

Olsson, S., B. Dauphin, V. Jorge, et al. 2023. “Diversity and Enrichment
of Breeding Material for Resilience in European Forests.” Forest Ecology
and Management 530: 120748. https://doi.org/10.1016/j.foreco.2022.
120748.

Olsson, S., D. Macaya-Sanz, C. Guadafio-Peyrot, et al. 2025. “Low-Input
Breeding Potential in Stone Pine, a Multipurpose Forest Tree With Low
Genome Diversity.” G3 (Bethesda, Md.) 15: jkaf056. https://doi.org/10.
1093/g3journal/jkaf056.

Patterson, N., A. L. Price, and D. Reich. 2006. “Population Structure and
Eigenanalysis.” PLoS Genetics 2, no. 12: €190. https://doi.org/10.1371/
journal.pgen.0020190.

Peery, R. M., C. I. Cullingham, D. W. Coltman, and J. E. K. Cooke.
2022. “Traceability of Provenance-Collected Lodgepole Pine in a
Reforestation Chain of Custody Case Study.” Tree Genetics & Genomes
18: 37. https://doi.org/10.1007/s11295-022-01568-5.

Pella, J., and M. Masuda. 2000. “Bayesian Methods for Analysis of Stock
Mixtures From Genetic Characters.” Fishery Bulletin 99, no. 1: 151-167.

Pella, J., and M. Masuda. 2006. “The Gibbs and Split-Merge Sampler
for Population Mixture Analysis From Genetic Data With Incomplete
Baselines.” Canadian Journal of Fisheries and Aquatic Sciences 63, no.
3: 576-596. https://doi.org/10.1139/f05-224.

Primmer, C. R., M. T. Koskinen, and J. Piironen. 2000. “The One That
Did Not Get Away: Individual Assignment Data Detects a Case Offishing
Competition Fraud.” Proceedings of the Royal Society of London, Series
B: Biological Sciences 267: 1699-1704.

R Core Team. 2020. R: A Language and Environment for Statistical
Computing. Version 4.2.2. R Foundation for Statistical Computing.
https://www.R-project.org/.

Ribeiro, M. M., G. LeProvost, S. Gerber, et al. 2002. “Origin Identification
of P. pinaster Stands in France Using Chloroplast Simple-Sequence
Repeats.” Annals of Forest Science 59: 53-62. forest: 2001005.

Ribeiro, M. M., C. Plomion, R. Petit, G. G. Vendramin, and A. E. Szmidt.
2001. “Variation in Chloroplast Songle-Sequence Repeats in Portuguese
P. pinaster (Pinus pinaster Ait).” Theoretical and Applied Genetics 102:
97-103. https://doi.org/10.1007/s001220051623.

Rodriguez-Quilon, I., L. Santos-del-Blanco, M. J. Serra-Varela, J.
Koskela, S. C. Gonzalez-Martinez, and R. Alia. 2016. “Capturing Neutral
and Adaptive Genetic Diversity for Conservation in a Highly Structured
Tree Species.” Ecological Applications 26: 2254-2266. https://doi.org/10.
1002/eap.1361.

Rodriguez-Quildn, I., L. Santos-del-Blanco, D. Grivet, et al. 2015. “Local
Effects Drive Heterozygosity-Fitness Correlations in an Outcrossing
Long-Lived Tree.” Proceedings of the Royal Society B: Biological Sciences
282:20152230. https://doi.org/10.1098/rspb.2015.2230.

Smouse, P. E., R. S. Waples, and J. A. Tworek. 1990. “A Genetic Mixture
Analysis for Use With Incomplete Source Population Data.” Canadian
Journal of Fisheries and Aquatic Sciences 47: 620-634.

Theraroz, A., C. Guadafo-Peyrot, J. Archambeau, et al. 2024. “The
Genetic Consequences of Population Marginality: A Case Study in P. pi-
naster.” Diversity and Distributions 30: €13910. https://doi.org/10.1111/
ddi.13910.

Unger, G. M., M. Heuertz, G. G. Vendramin, and J. J. Robledo-Arnuncio.
2016. “Assessing Early Fitness Consequences of Exotic Gene Flow in
the Wild: A Field Study With Iberian Pine Relicts.” Evolutionary
Applications 9, no. 2: 367-380. https://doi.org/10.1111/eva.12333.

Waples, R. S., and O. E. Gaggiotti. 2006. “What Is a Population? An
Empirical Evaluation of Some Genetic Methods for Identifying the
Number of Gene Pools and Their Degree of Connectivity.” Molecular
Ecology 15: 1419-1439. https://doi.org/10.1111/j.1365-294X.2006.
02890.x.

Weir, B. S., and C. C. Cockerham. 1984. “Estimating F-Statistics for the
Analysis of Population Structure.” Evolution 38: 1358-1370. https://doi.
0rg/10.1111/§.1558-5646.1984.tb05657.X.

Westergren, M., M. Bajc, D. FinZzgar, G. Bozi¢, and H. Kraigher. 2017.
“Identification of Forest Reproductive Material Origin of European
Beech Using Molecular Methods.” Gozdarski Vestnik 75: 328-343.

Evolutionary Applications, 2025

13 of 14

85U80|7 SUOWILWIOD BAIER.D 8|qed![dde 8Ly Aq pausenob ae S9olie YO 8Sn JO S3|NJ 10} A%eud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//SANY) SUORIPUOD Pue SWe 1 84 89S *[G202/2T/E0] U0 AkeiqiaulluO A8]IM ‘@Inisu| Alise.o4 UeIleAols Aq GiT0Z @A TTTT 0T/I0P/L0o A3 |1m Aeid 1 |eul|uo//sdny woly pepeojumoa ‘ZT ‘620z ‘T/Sh2SLT


https://doi.org/10.3389/fgene.2015.00208
https://doi.org/10.3389/fgene.2015.00208
https://doi.org/10.7717/peerj.281
https://doi.org/10.7717/peerj.281
https://doi.org/10.1111/gcb.16711
https://doi.org/10.1111/gcb.16711
https://doi.org/10.1073/pnas.2016900118
https://doi.org/10.1073/pnas.2016900118
https://doi.org/10.1016/j.tree.2004.12.004
https://doi.org/10.1016/j.tree.2004.12.004
https://doi.org/10.1111/eva.12855
https://doi.org/10.1139/f87-071
https://doi.org/10.1139/cjfas-2018-0016
https://doi.org/10.1139/cjfas-2018-0016
https://doi.org/10.1016/0169-5347(94)90057-4
https://doi.org/10.1016/0169-5347(94)90057-4
https://doi.org/10.1371/journal.pone.0176158
https://doi.org/10.1371/journal.pone.0176158
https://doi.org/10.1016/j.foreco.2022.120748
https://doi.org/10.1016/j.foreco.2022.120748
https://doi.org/10.1093/g3journal/jkaf056
https://doi.org/10.1093/g3journal/jkaf056
https://doi.org/10.1371/journal.pgen.0020190
https://doi.org/10.1371/journal.pgen.0020190
https://doi.org/10.1007/s11295-022-01568-5
https://doi.org/10.1139/f05-224
https://www.r-project.org/
https://doi.org/10.1007/s001220051623
https://doi.org/10.1002/eap.1361
https://doi.org/10.1002/eap.1361
https://doi.org/10.1098/rspb.2015.2230
https://doi.org/10.1111/ddi.13910
https://doi.org/10.1111/ddi.13910
https://doi.org/10.1111/eva.12333
https://doi.org/10.1111/j.1365-294X.2006.02890.x
https://doi.org/10.1111/j.1365-294X.2006.02890.x
https://doi.org/10.1111/j.1558-5646.1984.tb05657.x
https://doi.org/10.1111/j.1558-5646.1984.tb05657.x

Wickham, H. 2016. ggplot2: Elegant Graphics for Data Analysis.
Springer-Verlag New York. https://ggplot2.tidyverse.org.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Figure S1: eva70145-sup-0001-Figures.pdf.
Table S1: eva70145-sup-0002-Tables.zip.

14 of 14

Evolutionary Applications, 2025

85U80|7 SUOWILWIOD BAIER.D 8|qed![dde 8Ly Aq pausenob ae S9olie YO 8Sn JO S3|NJ 10} A%eud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//SANY) SUORIPUOD Pue SWe 1 84 89S *[G202/2T/E0] U0 AkeiqiaulluO A8]IM ‘@Inisu| Alise.o4 UeIleAols Aq GiT0Z @A TTTT 0T/I0P/L0o A3 |1m Aeid 1 |eul|uo//sdny woly pepeojumoa ‘ZT ‘620z ‘T/Sh2SLT


https://ggplot2.tidyverse.org

	Genetic Assignment at Different Geographical Levels: A Case Study in a Forest Tree Species (Pinus pinaster Ait.) Using SNP Markers
	ABSTRACT
	1   |   Introduction
	2   |   Material and Methods
	2.1   |   Baseline Samples
	2.2   |   Genotyping and Quality Check
	2.3   |   Genetic Characterization of the Baseline Dataset
	2.4   |   Assignment Methods and Validation Algorithms

	3   |   Results
	3.1   |   Genetic Characterization of the Baseline Samples
	3.2   |   Expected Assignment Accuracy to Gene Pools
	3.3   |   Expected Assignment Accuracy to Regions of Provenance
	3.4   |   Expected Assignment Accuracy to Populations
	3.5   |   Sensitivity to Sample Size and Missing Baselines

	4   |   Discussion
	4.1   |   Considerations on the Baseline
	4.2   |   Expected Assignment Accuracy

	Acknowledgments
	Conflicts of Interest
	Data Availability Statement
	References


