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Abstract

Genomic offset models are increasingly popular tools for identifying populations at risk of
maladaptation under climate change. These models estimate the extent of genetic change
required for populations to remain adapted under future climate change scenarios, but face
strong limitations and still lack broad empirical testing. Using 9,817 single nucleotide poly-
morphisms (SNPs) genotyped in 454 trees from 34 populations of maritime pine, a species
with a marked population genetic structure, we found substantial variability across genomic
offset predictions from different methods, SNP sets, and general circulation models. Using
five common gardens, we mostly found positive associations between genomic offset predic-
tions and mortality, as expected. However, contrary to our expectations, we observed very
few negative monotonic associations between genomic offset predictions and height. Higher
mortality rates were also observed in national forest inventory plots with high genomic offset,
but only for some methods and SNP sets. The differing genomic offset patterns produced
by the best-validated methods across the maritime pine range hindered drawing definitive
conclusions for the species. Our study demonstrates the imperative of employing different
methods and validating genomic offset predictions with independent data sources before

using them as reliable metrics to inform conservation or management.

1 Introduction

Mounting evidence shows that anthropogenic climate change is already affecting biodiver-

sity (Parmesan and Yohe 2003), exposing populations and species to unprecedented risks



of decline and extinction (Urban 2015, Wiens 2016). By shifting fitness optima, climate
change increases the mismatch between the current phenotypes of well-adapted populations
and their environment, thereby decreasing the average fitness of the populations (i.e., sce-
nario of the moving target in Brady et al. 2019a). The consequent maladaptation can be
counterbalanced by sufficient and appropriate adaptive variation, which can enable rapid
evolution towards the new phenotypic optimum (Brady et al. 2019b). However, if the extent
and rate of climate change are too severe, the demographic costs of maladaptation might be
too high relative to the capacity and speed of adaptation, and populations will be pushed
toward extinction (Biirger and Lynch 1995, Gomulkiewicz and Holt 1995, Chevin et al. 2010,

Uecker et al. 2014).

To identify populations at risk of short-term maladaptation under climate change, Fitz-
patrick and Keller (2015) developed the concept of genomic offset (or genetic offset). They
modeled the non-linear turnover in allele frequencies along climatic gradients with two ap-
proaches from community-level modeling, namely Gradient Forest (GF; Ellis et al. 2012) and
Generalised Dissimilarity Modeling (GDM; Ferrier et al. 2007). They then calculated the
genomic offset as the distance between the current genomic composition of the populations
and the genomic composition required to maintain the estimated gene-climate relationships
(Fitzpatrick and Keller 2015). Since then, genomic offset has been estimated with a variety
of other methods including Redundancy Analysis (RDA; Capblancq and Forester 2021), the
Risk Of Non Adaptedness (RONA; Rellstab et al. 2016) and Latent Factor Mixed Model
(LFMM; Gain and Francois 2021). As they are straightforward to implement (genomic
and climatic data from several populations are sufficient) and seemingly easy to interpret,

these methods have already been applied to a wide range of species, and genomic offset



predictions are now beginning to be recommended to guide management and conservation

strategies (e.g., Rhoné et al. 2020, Lachmuth et al. 2023, Yuan et al. 2023).

In this context, it is crucial to emphasize that genomic offset is not informative about
the capacity of populations to adapt, i.e., to evolve towards the new fitness optima of future
climates, and therefore captures only part of the vulnerability of populations to climate
change (IPCC 2007, Foden et al. 2019). Moreover, the genomic offset concept relies on
strong assumptions that undermine the robustness of its predictions (Rellstab et al. 2021,
Ahrens et al. 2025). One key assumption is that populations are currently optimally adapted
to their local environment, which is often violated. For instance, populations of temperate
and boreal tree species at the northern edges of their distribution would benefit from a
temperature increase, at least in the short term (Rehfeldt et al. 2002, 2003, Savolainen et al.
2007, Pedlar and McKenney 2017, Rehfeldt et al. 2018, Fréjaville et al. 2020). Another key
assumption is that populations from different geographic locations but occupying similar
environments have the same adaptive alleles; but the same phenotypes can be produced by
multiple different combinations of genetic variants (i.e., 'genotypic redundancy’; Laruson et
al. 2020) and how populations evolve towards the fitness optimum depends on the shape of
the adaptive landscape (Lotterhos 2023). Genomic offset predictions are thus impacted by
trait genomic architecture and the environmental landscape, as demonstrated in a simulation
study based on the GF method (Laruson et al. 2022). The study also showed that the
predicted rate of allele frequency change did not reflect the steepness of adaptive clines,
when simulated as linear, although it did capture the extent to which the environmental
gradient explained the turnover in allele frequencies (Laruson et al. 2022). Lastly, it is

important to note that this approach is inherently correlative, and therefore subject to the



limitations typical of correlative methods, including limited control over confounding factors,
lack of mechanistic understanding, poor predictive power under novel conditions, and the

inability to establish causal relationships.

Neutral evolutionary and demographic processes also impact genomic offset predictions
and how to account for them remains unclear. In particular, greater genetic drift in small
populations results in greater allele turnover (Wright 1931), and thus higher genomic offset
predictions without any selection pressure being involved (Léruson et al. 2020). Then, to
avoid the confounding effects of population genetic structure, it was initially recommended
to predict genomic offset based on a set of genetic markers previously identified as potentially
involved in climate adaptation (Fitzpatrick and Keller 2015, Fitzpatrick et al. 2018), e.g.,
using gene-environment association (GEA) analyses correcting for population genetic struc-
ture. However, when patterns of demographic and adaptive history are confounded (e.g.,
species that migrated along climatic gradients after the last glaciation), correcting for popu-
lation genetic structure is likely to hamper the detection of climate adaptation signals, and
adopting a less strict approach to the selection of genetic markers might be more appropriate
(Capblancq et al. 2023). Moreover, some studies have suggested that genomic offset can be
predicted equally well by all or random sets of loci, thus questioning the relevance of prior
selection of a set of candidate loci (Léruson et al. 2022, Lind et al. 2024, Lind and Lotterhos
2025). Finally, the uncertainty in genomic offset predictions also stems from the inherent un-
certainty in future climate forecasts, which comes from unknowns in future greenhouse gas
emission scenarios (which depends on socioeconomic factors, technological advancements,
and policy decisions), internal climate variability (which hinders the estimation of long-term

climate trends), uncertainty in the magnitude and timing of external forcings (e.g., volcanic



eruptions, changes in solar radiation), as well as uncertainty in the parameterization, process
representation, simplifications and approximations of the general circulation models used to

simulate the Earth’s climate system (Collins et al. 2013).

Despite these limitations, genomic offset has gained support from empirical and sim-
ulation studies, which have consistently found the expected negative relationship between
fitness proxies and genomic offset in common gardens (e.g., Capblancq and Forester 2021,
Fitzpatrick et al. 2021, Laruson et al. 2022, Lind et al. 2024). While this relationship is
typically weak in empirical studies, genomic offset predictions often outperformed climate or
geographic distances (e.g., Capblancq and Forester 2021, Fitzpatrick et al. 2021, Lind et al.
2024). However, genomic offset models have still to be validated across a wider range of
biological scenarios, species and methodological approaches. Simulation studies are crucial
for defining the domain of applicability of the models and have already shown that genomic
offset models perform poorly under certain scenarios, such as under climate novelty (Lind
and Lotterhos 2025). Robust empirical evaluations are still rare, as they require carefully
designed experiments with appropriate evaluation models, metrics and fitness proxies (Lot-
terhos 2024b). To date, most empirical evaluations have focused on predicting local-foreign
fitness offsets in common gardens (i.e., assessing the relative fitness of different genotypes
or populations within the same environment), which are more relevant for evaluating the
success of restoration projects (Lotterhos 2024a). However, good predictive performance in
such evaluations may not necessarily translate into accurate predictions of the maladapta-
tion risk of natural populations to future climates (i.e., home-away fitness offsets; Lotterhos
2024a). Additionally, most empirical evaluations have used tree height as a fitness proxy,

though this trait might not represent well fitness under certain conditions in forest trees



(Stephenson et al. 2011, Philipson et al. 2014). In parallel with experimental validation,
developing methods to validate genomic offset using observational data in natural conditions
(therefore estimating home-away fitness offsets) would be highly valuable. An interesting
attempt in this direction is the study by Bay et al. (2018), which found that higher genomic
offset predictions were associated with declining population sizes over the past half-century
in a North American migratory bird. However, this association may also reflect increased
genetic drift in declining populations, and therefore population sizes cannot be used directly
as fitness proxies to evaluate genomic offset predictions (Fitzpatrick et al. 2018, Laruson

et al. 2022, Lotterhos 2024b).

In this study, we evaluated the consistency and empirical validity of genomic offset pre-
dictions in maritime pine (Pinus pinaster Ait., Pinaceae), a tree species with fragmented
populations in southwestern Europe and North Africa and a strong neutral population ge-
netic structure (Alberto et al. 2013, Jaramillo-Correa et al. 2015), following the conceptual
approach summarised in fig. 1. Our study relies on two main data sources (gray boxes in

fig. 1):

(i) A network of five clonal common gardens planted in contrasted environments (the
CLONAPIN network), in which 454 clones (replicated eight times in each common
garden) from 34 populations were genotyped for 9,817 single nucleotide polymorphisms

(SNPs) after filtering, and measured for height and mortality.

(ii) 11,917 plots from the French and Spanish national forest inventories (NFI) in which

mortality rates were recorded.

Using these data, we addressed three key questions regarding genomic offset predictions

(green boxes in fig. 1):



Q1. Consistency? Based on genomic data from the 454 clones of the common gardens
and climatic data from their populations of origin, we evaluated the variability in
genomic offset predictions under future climates using five methods (namely GF, RDA,
partial RDA, GDM and LFMM), six SNP sets, and five climate general circulation

models.

Q2. Empirical validity in common gardens? We tested whether populations with
higher genomic offset in common gardens (i.e., local-foreign fitness offsets) exhibit
higher mortality (i.e., a positive association with mortality) and lower growth (i.e., a

negative association with height).

Q3. Empirical validity in natural populations? We tested whether inventory plots with
higher genomic offset (i.e., home-away fitness offsets) show higher mortality rates (i.e.,

a positive association with mortality).

By answering these questions, we aimed to identify the genomic offset methods that
provide the most robust and reliable predictions in our study system and subsequently use
those predictions to gain insights into the risk of climate maladaptation in maritime pine. We
also investigated how to account for population genetic structure. Finally, we discussed the
role and limitations of genomic offset predictions to inform conservation and management

of natural populations, and how they can be used effectively.
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Figure 1: Conceptual representation of the study design. The two gray boxes at the top represent the two primary data
sources of the study: the CLONAPIN clonal common garden network (section 2.2) and the national forest inventories (section
2.3). The brown boxes represent genomic, mortality and height data collected from these data sources. The blue boxes indicate
climatic data obtained from the Climate Downscaling Tool (https://www.ibbr.cnr.it/climate-dt/; section 2.4). The yellow
boxes show the sets of single nucleotide polymorphisms (SNPs) analyzed: three sets of control SNPs and three sets of candidate
SNPs identified with five gene-environment association (GEA) methods. The red boxes represent the two steps applied to each
of the five genomic offset methods: first, estimating the gene-climate relationships for each SNP set, and second, predicting the
genomic offset using three different approaches: (1) for the 34 studied populations, using reference climates and future climates
at the populations’ locations (section 2.7); (2) for the 34 studied populations, using reference climates at the populations’
locations and climates at the common garden locations between planting and measurement dates (section 2.8.1); and (3) for the
11,917 inventory plots, using reference climates and climates during the inventory periods at the plot locations (section 2.8.2).
These genomic offset predictions addressed the three key research questions of the study (green boxes). Acronyms: GCMs for
general circulation models, SSP for shared socio-economic pathway, RDA for Redundancy Analysis, pRDA for partial RDA,
GF for Gradient Forest, GDM for Generalised Dissimilarity Modeling and LFMM for Latent Factor Mixed Model.
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2 Materials & Methods

2.1 Focal species

Maritime pine is a wind-pollinated, outcrossing and long-lived tree species with large
economic and ecological importance in southwestern Europe and North Africa. The species
is widely exploited for its wood, and has a key role stabilizing coastal and fossil dunes and,
as a foundation species, supporting biodiversity (Vinas et al. 2016). Natural populations of
maritime pine are scattered over a large range of climatic conditions: the dry climate along
the northern coasts of the Mediterranean Basin (from southern Spain to western Italy),
the mountainous climates of southeastern Spain and Morocco (Rif and Atlas mountains),
the wetter climate of the Atlantic region (from northwestern Spain and Portugal to the
southwestern part of France), and the continental climate of central Spain (fig. 2). Maritime
pine populations are also found on a wide range of substrates (from sandy and acidic soils
to more calcareous ones) and in fire-prone regions, showing intraspecific variability in fire-
related traits such as early flowering and serotiny (Tapias et al. 2004, Budde et al. 2014).
Maritime pine is therefore a particularly interesting species for studying local adaptation and
several studies have already provided evidence of genetic differentiation for adaptive traits

(e.g., Gonzélez-Martinez et al. 2002, de Miguel et al. 2022).

Eight gene pools and two isolated populations were recently identified in maritime pine by
Theraroz et al. (2024) supporting previous reports of strong population genetic structure in
this species (e.g., Alberto et al. 2013, Jaramillo-Correa et al. 2015). The sampled populations

originated from six of these main gene pools, each probably originating from an unique glacial
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refugia (Bucci et al. 2007, Santos-del-Blanco et al. 2012).

* Common gardens
Maritime pine distribution

Populations from:

® Northern Africa
© Corsica S 50°N
@ Central Spain :
® French Atlantic
® Iberian Atlantic

@ South-eastern Spain
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Figure 2: Location of the 34 genotyped maritime pine populations (filled dots) and the five common gardens (red stars)
used in the validation steps and in which the same 34 populations were planted (CLONAPIN network). Populations are
colored according to the main gene pool to which they belong, as estimated using the STRUCTURE software in Jaramillo-
Correa et al. (2015). The environment stratification from Metzger (2018) is a statistically derived land classification that
distinguishes environmental zones. We included it in the background of the map to highlight the variety of environments
inhabited by maritime pine. The maritime pine distribution depicted in the figure combines the widely-used EUFORGEN map
(http://www.euforgen.org/) and 10-km radius areas around the French and Spanish national forest inventory (NFI) plots with
maritime pine occurrence. These plots were surveyed between 2000 and 2014 for the French inventory and between 1986 and
2008 for the Spanish inventory.
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2.2 Clonal common garden network (CLONAPIN)

We used genomic, mortality and height data from 454 clones (i.e., genotypes) representing
34 populations (13 genotypes per population on average; table S1) and grown in a network
of five clonal common gardens (CLONAPIN; fig. 2). These clones were obtained from open-
pollinated seeds collected in natural populations and vegetatively propagated by cuttings
(eight clonal replicates per genotype in each common garden; see details in de Miguel et al.
2022). Two trial sites, Asturias (Spain) and Bordeaux (France), benefit from the favorable
climates of the Atlantic European region (i.e., mild winters, high annual rainfall and rela-
tively wet summers; table S2) and have low proportions of dead trees (~ 2.8% and ~ 3.6%,
respectively; tables S3, S4). Two trial sites, Caceres and Madrid (both in central Spain), ex-
perienced a strong drought during the summer following planting, worsened by the presence
of clay soils and leading to the death of 92% and 72% of the trees, respectively (tables S3,
S4). The last trial site, Fundao (Portugal), is located on the border between the Atlantic
and Mediterranean climates, and thus also experiences relatively dry summers (table S2),
leading to the mortality of ~ 36.3% of the trees (tables S3, S4). Height and mortality were
measured when the trees were 37 months old in Asturias, 85 months old in Bordeaux, 8

months old in Céceres, 13 months old in Madrid and 27 months old in Fundao (table S5).

One ramet of each clone in the Asturias common garden were genotyped with the Illumina
Infinium assay described in Plomion et al. (2016) and with the new ThermoFisher 4sTREE
multispecies Axiom assay (Guilbaud et al. 2020, Theraroz et al. 2024). We applied the
following filtering steps in this order: individuals with more than 18% missing data across

SNPs, SNPs with minor allele frequency below 1%, and SNPs with more than 20% missing

12



data across individuals. It resulted in 9,817 high-quality polymorphic SNPs, of which 2,855

were genotyped by both assays to ensure sample identity and estimate genotyping errors.

2.3 National forest inventory data

For genomic offset validation using natural populations (section 2.8.2), we used mortality
data from the French and Spanish national forest inventory plots harmonised in Changenet
et al. (2021) and covering the period 2000-2014 for the French inventory (4,047 plots) and
1986-2008 for the Spanish inventory (7,870 plots). Diameter at breast height (1.30 m, DBH)
of maritime pines ranged from 10 to 263 c¢m, hence including both saplings and adult trees,
and serves as a proxy for tree age. Basal area (C') of all tree species in a plot is a common

proxy for competition among trees.

2.4 Climatic data

Climatic data at the location of the populations, common gardens and inventory plots
were extracted from the Climate Downscaling Tool (Marchi et al. 2024). Six variables were
selected based on their biological relevance for maritime pine, contribution to genetic variance
(via RDA-based stepwise selection; table S6) and the magnitude of their exposure to climate
change (fig. S1 and more details in section 2 of the Supplementary Information): mean
annual temperature (biol), isothermality (bio3, ratio of mean diurnal temperature range
to annual temperature range), temperature seasonality (bio4 ), annual precipitation (bio12),
precipitation seasonality (bio15) and summer heat moisture (SHM) index (table S7 and fig.

32).
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We used the climate for the period 1901-1950 as reference climate for all genomic offset
predictions (fig. 1, table 1). To predict the genomic offset under future climates (section
2.7, first column of table 1), we used the climatic forecasts for the period 2041-2060 under
the shared socio-economic pathway (SSP) 3.7-0 and from five general circulation models,
namely GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0 and UKESM1-0-
LL. To predict the genomic offset in the common gardens (section 2.8.2; second column
of table 1), we used the climate between the planting date and the measurement date for
each common garden. To predict the genomic offset in the inventory plots (section 2.8.2;
third column of table 1), we used the climate under which mortality rates were recorded,
along with the climate of the five preceding years, to account for potential lag effects of
climatic conditions on tree mortality. In the French inventory, a tree was considered dead if
its death occurred within the five years prior to the inventory date, so we used the ten years
preceding the inventory as the prediction period. For the Spanish inventory, the prediction
period included the five years preceding the first inventory and the duration between the

two inventories.

We also computed climate distances to compare with genomic offset predictions. Specifi-
cally, for each genomic offset prediction presented in table 1, we calculated the corresponding
absolute climate distance. These distances were computed for each climatic variable inde-
pendently and for all variables combined (Euclidean distances). For common gardens, we

refer to these as climate transfer distances (CTDs), following common practice in the field.
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Genomic offset predictions
under future climates

Genomic offset predictions
in common gardens

Genomic offset predictions
in natural populations

Prediction units

Reference climate

Prediction climate

Gene-climate
relationships

Goal

Section in the
manuscript

34 studied populations

1901-1950 at the
location of the populations

Future climate at the
location of the populations
(five general circulation
models; SSP 3.7-0;
2041-2060)

34 studied populations

1901-1950 at the
location of the populations

Climate between the
planting and the
measurement dates at the
location of the common
gardens (2010-2018)

11,917 inventory plots

1901-1950 at the
location of the plots

Climate during the
inventory period at the
location of the French
(1995-2014) and Spanish
(1981-2008) plots

Estimated using the genomic composition and the 1901-1950 climate of the 34 studied

populations

Evaluate consistency (Q1)

Section 2.7

Evaluate empirical validity
in common gardens (Q2)

Section 2.8.1

Evaluate empirical validity
in natural populations (Q3)

Section 2.8.2

Table 1: Genomic offset prediction approaches used in this study. See table 3 for a description of the methods used to predict

the genomic offset.

2.5 Partitioning of the genetic variance

Predicting climate maladaptation is only meaningful if climate explains a portion of the ge-
nomic variation. To verify this fundamental assumption, we followed the methodology from
Capblancq and Forester (2021) and estimated the proportion of genetic variation that can
be uniquely attributed to climate (the five climatic variables selected for genomic offset pre-
dictions; table S7), neutral population structure (first three axes of a PCA based on genomic
data; fig. S3) and geography (distance-based Moran’s eigenvector maps or geographical co-
ordinates) using a combination of RDAs and partial RDAs (pRDAs) implemented in the

vegan R package (Oksanen et al. 2022; see section 4 of the Supplementary Information).
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2.6 Identification of SNPs potentially involved in climate adapta-

tion

We identified SNPs covarying with climatic gradients using five gene-environment associ-
ation methods (table 2): Redundancy Analysis (RDA), partial RDA (pRDA), Latent Factor
Mixed Model (LFMM), BayPass and Gradient Forest (GF). These methods were chosen
based on their different but complementary features (e.g., univariate vs multivariate, ac-
counting or not for population genetic structure). Prior to such analyses, missing allelic
values were imputed using the most common allele within the main gene pool of the geno-
type of concern (although we acknowledge that some genotypes had high admixture rates).
Gene-environment associations were estimated based on the average climate over the period
1901-1950 at the location of the 34 studied populations to capture the climatic conditions

under which the populations may have evolved.

RDA-based GEA approach is a multivariate constrained ordination method that models
the linear associations among the climatic variables and genomic variation (Capblancq et al.
2018, Capblancq and Forester 2021). In the pRDA approach, the first three axes of a principal
component analysis (PCA) based on centered and scaled population allele frequencies not
filtered for minor allele frequencies (fig. S3) were added as conditioning variables to the
RDA model to account for population genetic structure. Both in the RDA and pRDA, we
identified outlier SNPs by first estimating the Mahalanobis distances between each locus and
the center of the RDA space along the significant axes (Capblancq et al. 2018), and then

selecting SNPs with extreme Mahalanobis distances based on a false discovery rate of 5%.
For LEMM, we used the new algorithm version available in the LEA R package, which

16



estimates locus-specific effect sizes by using a least-square method and incorporating multiple
climatic variables (Gain and Francois 2021). Population genetic structure is accounted for
with latent factors. As with RDA, outlier SNPs were identified based on a false discovery

rate of 5%.

The standard covariate model from the BayPass software is an univariate approach in
which the neutral genetic structure is accounted for using a population covariance matrix
based on the population allele frequencies (Gautier 2015). SNPs were considered outliers if
the median Bayes Factor (calculated over five independent runs) of their association with
at least one climatic variable was higher than 10 deciban units, which corresponds to, at

minimum, strong evidence on the Jeffrey’s scale (Jeffreys 1961).

The GF method to identify outlier SNPs consists in fitting GF models individually to
each SNP and calculating empirical p-values based on their R? rank (Lotterhos and Whitlock
2014), as described in Fitzpatrick et al. (2021) and Capblancq et al. (2023). We ran three
independent runs and selected the 0.5% SNPs with the lowest empirical p-values for each
run (i.e., 49 SNPs). We then considered as outliers only those SNPs identified by the three

rumns.

For genomic offset predictions, we used three sets of candidate SNPs: all outlier SNPs
(i.e., outlier SNPs identified by at least one gene-environment association method), common
outlier SNPs (i.e., outlier SNPs identified by at least two methods) and outlier SNPs con-
sidering population structure correction (i.e., outlier SNPs identified by at least one method
correcting for population genetic structure, namely BayPass, LFMM and pRDA). When

some outlier SNPs were located on the same scaffold/contig (a scaffold/contig measuring
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approximately between 400 and 10,000 bp), we kept the SNP with the lower p-value in the

RDA. This decision aimed to reduce redundancy from SNPs in close proximity, ensuring that

retained SNPs represent independent adaptation signals and preventing overrepresentation

of specific genomic regions in the predictions. Among the loci that were not identified as

outliers by any of the gene-environment association methods, we selected two sets of control

SNPs with the same number of SNPs than the set with all candidate SNPs: randomly sam-

pled SNPs and SNPs with similar allele frequencies than the candidate SNPs. Finally, we

also used a sixth set of SNPs containing all 9,817 SNPs.

RDA/pRDA

GF

BayPass

LFMM

Method name
Genomic input
data

Response variable
Predictors
Linearity
Population
structure
correction

Metric to

evaluate
the SNPs

Threshold
to select the
outlier SNPs

R packages and
references

(Partial) Redundancy
Analysis

Population allele
frequencies

Multivariate
Multivariate
Linear

No correction (RDA)
Correction with
PC scores (pRDA)

Mahalanobis distances
between each locus
and the center

of the RDA space
along the

significant axes

False discovery
rate of 5%

vegan R package v2.6.4
Oksanen et al. (2022)
Capblancq et al. (2018)

Capblancq and Forester (2021)

Gradient Forest
Population allele
frequencies
Univariate
Multivariate
Non-linear

No correction

Empirical p-values
based on their
R? rank

0.5% of the
SNPs with the
lowest empirical
p-values

gradientForest R package
Ellis et al. (2012)

Lotterhos and Whitlock (2014)

Capblancq et al. (2023)
Fitzpatrick et al. (2021)

Generalized Dissimilarity
Modeling

Population allele
counts

Univariate
Univariate
Linear

Correction with a
population covariance
matrix ()

Median Bayes
Factors (BFs)
calculated over

3 independent runs

Median Bayes factor
across five runs
> 10 deciban units

Gautier (2015)
Jeffreys (1961)

Latent Factor
Mixed Model

Genotype allele
counts

Univariate
Multivariate
Linear
Correction with

latent factors

Locus-specific
effect sizes

False discovery
rate of 5%

lea R package v3.16.0
Caye et al. (2019)
Frichot et al. (2013)
Gain and Frangois (2021)

Table 2: Gene-environment association (GEA) methods used for identifying the SNPs potentially involved in climate adapta-
tion. Acronyms: PCs for principal components (see fig. S3), SNPs for single nucleotide polymorphisms.
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2.7 Genomic offset predictions

RDA/pRDA

GF

GDM

LFMM

Method name
Genomic input
data

Response variable
Predictors

Gene-climate
relationships

Population
structure
correction

R packages and
references

(Partial) Redundancy
Analysis

Population allele
frequencies

Multivariate
Multivariate

Linear

No correction (RDA)
Correction with

PC scores (pRDA)

vegan R package v2.6.4
Oksanen et al. (2022)

Gradient Forest
Population allele
frequencies
Univariate
Multivariate

Non-linear
turnover functions

No correction

gradientForest R package
Ellis et al. (2012)

Generalized Dissimilarity
Modeling

Fst matrices

Univariate
Multivariate

Non-linear
I-splines

Correction with
geographical
distances

gdm R package v1.5.0.9.1
Fitzpatrick et al. (2025)

Latent Factor
Mixed Model

Genotype allele
counts

Multivariate
Multivariate
Linear

Correction with
latent factors

lea R package v3.16.0
Caye et al. (2019)

Capblancq et al. (2018) Lotterhos and Whitlock (2014) Ferrier et al. (2007) Frichot et al. (2013)
Capblancq and Forester (2021) Capblancq et al. (2023) Fitzpatrick and Keller (2015) Gain and Frangois (2021)
Fitzpatrick et al. (2021)

Table 3: Genomic offset methods used for evaluating prediction consistency and empirical validity.

To address our first research question (Q1), we evaluated the consistency in genomic
offset predictions under future climates at the location of the 34 studied populations across
five methods, the six SNP sets and five general circulation models (table 1, first column).
The five methods, namely GF, RDA, pRDA, LFMM and GDM (described in table 3), rely
on common steps: (i) estimating gene-climate relationships under the reference period, (ii)
projecting the genomic composition across the landscape under reference and future climates,
and (iii) calculating the difference between the two genomic compositions for each pixel
of the landscape, i.e., the genetic change required to maintain the estimated gene-climate
relationships under future climates (Capblancq et al. 2020). We chose these methods because
they are among those most commonly used, encompass both linear and nonlinear approaches,
and account for population genetic structure in different ways (table 3). Genomic offset was
initially predicted separately for each general circulation model to assess variability across

models. Subsequently, the predictions from the five models were averaged to compute a
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mean genomic offset.

2.8 Validation of genomic offset predictions

Direct estimation of the correlations between genomic offset predictions and the raw height
and mortality data in the inventory plots and common gardens was not feasible due to the
need to account for confounding factors affecting the phenotypes and the specificities of the
experimental designs. The development and implementation of models designed to test the

empirical validity of genomic offset predictions are described in the sections below.

2.8.1 In common gardens

We evaluated the empirical validity of genomic offset predictions in common gardens (re-
search question Q2) by examining the association between genomic offset predictions and
height and mortality data in the five common gardens from the CLONAPIN network. Ge-
nomic offset was predicted at the common garden locations, using the 1901-1950 climate at
the location of the populations and the gene-climate relationships estimated in section 2.7
as reference, and the climatic conditions between the planting and the measurement dates
at the location of the common gardens for the predictions (table 1, second column). These
predictions are expected to capture climate maladaptation of the populations when trans-
planted into the new climates of the common gardens. Their association with height and

mortality was also compared to that of the climatic transfer distances (section 2.4).

We modeled the probability of mortality p, in the population p independently in the five

common gardens as follows:
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a, ~ Binomial(N,, p,)

logit(p,) = Bo + BuH, + Bx X,

a, is the count of individuals that died in the population p. N, is the total number of
individuals from the population p that were initially planted in the common garden. X,
is the genomic offset or the climatic transfer distance of the population p, with Sx being
its associated coefficient. H, is a proxy of the initial tree height at the planting date (i.e.,
population intercept estimated across all common gardens in model 1 of Archambeau et al.
2022), with By being its associated regression coefficient. Initial height at planting was
included in the models to account for the observed higher survival of taller trees in the

common gardens. N (0,5) prior distributions were used for 3y, Sy and Sy.

We modeled tree height independently in the five common gardens as follows:

Y;pb ~ N(:upa 02)

tp = By + Bx1X, + 5X2X§ + BuH,

Yip is the height of the individual ¢ in the population p and the block b. B, are the block
intercepts. o2 is the residual variance. Bx; and [x» are the linear and quadratic regression
coefficients of X, respectively, and Sy is the linear regression coefficient of H, (see equation
1). The quadratic form was used to allow the slope of the association between height and
the genomic offset (or the climatic transfer distance) to vary (such as in Fitzpatrick et al.

2021). N(0,1) prior distributions were used for By, 8x1, Bx2 and Sy and Exp(1) for o.
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2.8.2 In natural populations

We assessed the empirical validity of genomic offset predictions in natural populations
(research question Q3) by examining the association between genomic offset predictions and
mortality rates in the inventory plots. Genomic offset was predicted at the plot locations,
using the 1901-1950 climate and the gene-climate relationships estimated in section 2.7 as
reference and the climatic conditions during the inventory periods for the predictions (table
1, third column). These predictions are expected to reflect climate maladaptation occurring
during the inventory periods (e.g., fig. 7b for genomic offset predictions with GF and all
candidate SNPs). As for the common gardens, their association with mortality rates was

also compared to that of the climatic distances (section 2.4).

We modeled the probability of mortality p; of maritime pine in the plot ¢ during the
census interval A; with a complementary log-log (cloglog) link. This function models the
log cumulative hazard and is a standard approach in survival analysis for data with varying

census intervals (e.g., Fortin et al. 2008).

m; ~ Binomial(N;, p;)
(3)
log(—log(1 — p;i)) = Bo.c + BeCi + Bpopu DBH; + BowppaCiDBH; + Bx X; + log(A;)

N; is the total number of maritime pines in the plot i. m; is the number of maritime pines
that died during the census interval A; in the plot i (i.e., five years in the French plots and the
variable number of years between two inventories in the Spanish plots). C; is the basal area

of all tree species found in the plot i (to account for the competition-related mortality), with
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Bc being its associated regression coefficient. DB H; is the mean diameter at breast height
of all maritime pines in the plot i (to account for age-related mortality), with Sppy being its
associated regression coefficient and Sc.ppy being the regression coefficient capturing the
interaction between C; and DBH;. X; is the genomic offset or climatic distance predicted
in the plot ¢, with Sx being its associated regression coefficient. 3. are country-specific
intercepts that account for the methodological differences between the French and Spanish

inventories. N(0, 1) prior distributions were used for S, Sc, Bpsr, Boxppr and Bx.

2.8.3 Model implementation and evaluation metrics

For mortality models, the predictive ability of the variables of interest (i.e., genomic offset
predictions and climatic distances) was evaluated based on the strength and sign of their
regression coefficients (Sx in equations 1 and 3). We expected these coefficients to be positive,
indicating that populations with higher genomic offset or climatic distances are more likely
to be climatically maladapted and, therefore, should experience higher mortality rates. We
also ensured that these coefficients were statistically unlikely to occur by chance. Given
the limited predictive power of genomic data on trait variation in non-model species such as
forest trees, our primary goal was to detect associations rather than to achieve high predictive

accuracy.

For height models, the predictive ability of the variables of interest was assessed us-
ing Bx, and fBx, regression coefficients in equation 2 and by comparing the proportion of
variance explained (R?) with that of models that did not include the variables of interest.
This approach enabled us to identify and exclude genomic offset predictions that displayed

unexpected quadratic relationships (e.g., U-shaped associations), while retaining those that
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showed a consistent monotonic negative association with height (i.e., the more climatically

maladapted a population is, the less it should grow).

As an alternative to regression coefficients, we estimated Pearson and Spearman corre-
lations between genomic offset predictions (or climatic distances) and height and mortality
rates corrected for confounding factors, both in the common gardens and the inventory plots.
To do this, we predicted height and mortality using only the confounding factors (applying
the models described above but excluding genomic offsets or climatic distances). We then
extracted the model residuals and estimated their correlations with genomic offset predic-
tions. However, we consider this two-step approach less robust than the models described
earlier as it does not propagate the uncertainty in parameter estimation and cannot account
for potential quadratic associations in height models. For these reasons, we only report these

correlations in the Supplementary Information.

The statistical models of the validation steps were implemented in a Bayesian framework
using the Stan probabilistic programming language based on the no-U-turn sampler algo-
rithm (Carpenter et al. 2017), and executed in R with the rstan package (Guo et al. 2025).
Weakly informative priors were used to statistically regularize the parameters and thus avoid
getting aberrant values (Lemoine 2019). All analyses were undertaken using R Statistical
Software v4.2.2 (R Core Team 2022). Scripts and Stan code of the models are available at

https://doi.org/10.5061/dryad.bnzs7h4jt.
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3 Results

Based on RDA/pRDA approaches, geography, climate and neutral population genetic
structure explained 80.3% of the variation in population-allele frequencies (table S8). Single
variables explained 29.8% of the variance (7.9% by climate, 8.3% by geography and 13.6%
by population genetic structure) while the rest (50.5%) could not be uniquely attributed to

a given variable (i.e., confounded effects).

Gene-environment association methods identified 482 outlier SNPs: 240 with the RDA,
178 with the pRDA, 46 with BayPass, 40 with GF and 120 with LFMM (fig. 3a). 85 SNPs
were identified by at least two methods and 277 SNPs were identified by at least one method
correcting for population structure. After retaining a single outlier SNP from those located
on the same scaffold/contig, we ended up with 380 candidate SNPs identified by at least
one method, 69 candidate SNPs identified by at least two methods and 221 candidate SNPs
identified by at least one method correcting for population genetic structure. When mapped
to the reference genome of a related species (Pinus tabuliformis; Niu et al. 2022), outlier
SNPs were found to be present on all chromosomes, with clusters observed on chromosomes
2 and 7 (fig. 3b and table S9). The number of SNPs with predictive power in GF models is

given in table S10.

3.1 Variability in genomic offset predictions under future climates

We observed substantial variability in genomic offset predictions under future climates

across methods, SNP sets, and general circulation models. The correlation coefficients
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Figure 3: (a) Upset plot showing the number of outlier SNPs identified by each of the five gene-environment association
(GEA) methods, namely Gradient Forest (GF), BayPass, Latent Factor Mixed Model (LFMM), Redundancy Analysis (RDA)
and partial RDA (pRDA). Approaches annotated with ’(c)’ incorporate correction for population structure, while approaches
annotated with ’(nc)’ do not. (b) SNP positions on the chromosome-scale reference genome of a related species (i.e., Pinus
tabuliformis; Niu et al. 2022), as such a reference is not yet available for maritime pine. The number of SNPs mapped on each
chromosome (and on unassembled contigs) is presented in table S9.
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reported in this section were calculated using predictions averaged across the five gen-
eral circulation models, with fig. 4 illustrating only the variability in predictions derived
from two SNP sets (all SNPs and all candidate SNPs). Visualizations that explore the
full range of combinations of SNP sets, methods, and general circulation models, as well
as their relationship with climatic distances, can be accessed via a Shiny app at https:
//juliettearchambeau.shinyapps.io/GenomicOffset Prediction VariabilityInMaritimePine/.
We verified that the imputation of missing data did not introduce biases in genomic offset
predictions by predicting the genomic offset using SNPs without any missing data (3,258
SNPs). Since these predictions were highly correlated with those based on all SNPs (results

available in the Shiny app), they were not included in the subsequent validation analyses.

Variability among SNP sets. Predictions from LFMM and pRDA showed moderate to
strong correlations across SNP sets (0.44 < p < 0.97 for pRDA and 0.85 < p < 1 for
LFMM). In contrast, GF predictions based on the set of common candidate SNPs diverged
from those derived from other SNP sets (except for the set of all candidate SNPs; p = 0.9),
while predictions among the remaining SNP sets were strongly correlated (0.49 < p < 0.99).
For RDA, predictions based on the candidate SNPs corrected for population structure and
the common candidate SNPs were uncorrelated with predictions from other SNP sets, which
were otherwise strongly correlated with one another. GDM was the most sensitive to SNP
set choice: predictions from control SNP sets were highly correlated among themselves,
predictions for the common candidate SNPs were moderately correlated with those from the
set of all candidate SNPs (p = 0.74), while correlations among the other SNP sets were weak

or negative.

Variability among methods. Predictions from LEFMM and pRDA were generally positively
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correlated (p > 0.61; fig. 4). GF predictions showed moderate correlations with those of
pRDA and LFMM (0.59 < p < 0.77), except for the predictions based on all candidate
SNPs (0.20 < p < 0.33) and the common candidate SNPs (—0.12 < p < 0.11). Predictions
from GDM and RDA were generally weakly or not correlated with predictions from other
methods. GDM predictions based on the common candidate SNPs, and to a lesser extent
all SNPs, were even negatively correlated with predictions from other methods. However,
there were a few exceptions where predictions from GDM and RDA were correlated with
those from other methods: predictions based on the candidate SNPs corrected for population
structure for both RDA and GDM, predictions based on all SNPs for GDM, and predictions

based on common candidate SNPs for RDA.

Variability among methods for specific SNP sets. For all candidate SNPs, only LFMM and
pRDA predictions were strongly positively correlated (p = 0.89; fig. 4). Predictions based on
common candidate SNPs were correlated among pRDA, RDA, and LEMM (0.73 < p < 0.95),
but not for GF and GDM (—0.53 < p < 0.33). For candidate SNPs corrected for population
structure, predictions were generally positively correlated across methods (0.50 < p < 0.94).
For control SNP sets, both with unmatched or matched allele frequency, GF, pRDA, and
LFMM predictions were positively correlated (0.60 < p < 0.81), but not RDA and GDM
predictions (—0.59 < p < 0.47). For all SNPs, predictions were moderately positively

correlated (0.38 < p < 0.68), except for RDA (—0.37 < p < 0.14).

Variability across general circulation models. This source of variability was noticeable
but generally lower than the variability among methods and SNP sets. Some methods
demonstrated greater consistency across general circulation models, e.g., GF and LFMM,

while pRDA and RDA showed higher inconsistency.
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Associations between genomic offset predictions and Euclidean climatic distances. LEMM
showed the strongest associations with Euclidean climatic distances, particularly for predic-
tions using the three sets of control SNPs (figs. S4-S9). pRDA predictions, GDM predictions
for the candidate SNPs corrected for population structure and GF predictions for the three
control SNP sets and the candidate SNPs corrected for population structure exhibited modest
correlations with Euclidean climatic distances (figs. S4-S9). Other genomic offset predic-
tions displayed weak or no associations with Euclidean climatic distances, with some even

showing negative correlations for GDM and the uncorrected candidate SNPs (figs. S4-S9).

3.2 Validation of genomic offset predictions in common gardens

3.2.1 Mortality models

In the three common gardens with dry and hot summers (Céaceres, Fundao and Madrid),
lower initial tree height proxy (H,; the population height intercepts estimated across all
common gardens) was associated with higher mortality rates (fig. S10). Genomic offset
predictions had regression coefficients that were all in the expected direction (i.e., positive
association with mortality rates), except for pRDA predictions with common candidate SNPs

in Caceres (fig. 5). Most coefficients did not have 95% credible intervals overlapping zero.

In Bordeaux, positive regression coefficients that did not overlap zero were obtained
for GDM and GF predictions, LFMM predictions with uncorrected candidate SNPs, and
RDA predictions with all candidate SNPs (fig. 5). To give an example of the effect size, a
one-standard deviation increase in GDM genomic offset predictions with control frequency-

matched SNPs corresponded to an estimated mean increase in tree mortality probability of
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Figure 4: Variability in genomic offset predictions under future climates across the five methods tested (GDM, GF, LEMM,
pRDA and RDA) and two SNP sets (all SNPs, i.e., 9,817 SNPs, and all candidate SNPs, i.e., 380 SNPs). Genomic offsets
were predicted for the 34 studied populations in the common gardens, using climatic data from 1901-1950 as the reference
period and projections for 2041-2060 under SSP 3.7-0 and five general circulation models for the prediction period (see section
2.7 and table 1, first column). Predictions were generated separately for each general circulation model and subsequently
averaged by population. The variability in genomic offset predictions, considering all combinations of SNP sets, methods,
and general circulation models, along with their relationships to climatic distances, can be visualized via a Shiny app at
https://juliettearchambeau.shinyapps.io/GenomicOffsetPredictionVariabilityInMaritimePine/. (a) Pairwise Pearson
correlations between genomic offset predictions. (b) Population ranks based on the genomic offset predictions, where populations
with higher genomic offset have lower rank values. Colored populations are those with genomic offset ranks in the top three
lowest positions (i.e., highest genomic offset values) in at least one column, where each column represents a combination of SNP
set and method.
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30.5% in Bordeaux. In Asturias, no positive association between genomic offset predictions
and mortality rates was observed (fig. 5). In these last two common gardens, which are
under a milder Atlantic climate, the initial tree height proxy was not, or barely, associated

with mortality rates (fig. S10).

Correlations (both Spearman and Pearson) between corrected mortality rates and ge-
nomic offset predictions aligned closely with regression coefficients, with significant correla-

tions mainly observed in Madrid and Fundao (figs. S11, S12).

Climatic transfer distances based on the six climatic variables (i.e., Euclidean distances)
or on temperature seasonality (bio4) were positively associated with mortality rates in the
dry common gardens, though their credible intervals overlapped zero in Céaceres (fig. 5).
Those based on temperature seasonality were also positively associated with mortality rates
in Bordeaux (fig. 5). Climatic transfer distances based on the other climatic variables did

not show consistent positive associations with mortality rates across the common gardens

(fig. b).

3.2.2 Height models

As expected, tree height in the five common gardens was strongly associated with the proxy
for initial tree height (fig. S13). For genomic offset predictions and climatic transfer dis-
tances, we expected their fx, regression coefficients to be negative (i.e., populations with
higher genomic offset grow less) and their fx, coefficients to be small (i.e., height decreases
monotonically with increasing genomic offset predictions). However, very few combinations

of methods and SNP sets exhibited these patterns, and no consistency across methods or
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Figure 5: Estimated means and 95% credible intervals of the regression coefficients 8x standing for the association between
mortality rates and genomic offset predictions or climatic transfer distances in the five common gardens. Graph titles include
the time in months corresponding to the age at which survival was recorded. Genomic offsets were predicted using climatic data
from 1901 to 1950 at the location of the 34 populations for the reference period, and from the planting date to the measurement
date at the location of the common gardens for the prediction period (see section 2.8.1 and table 1, second column). Coefficients
in the green area have the expected sign, reflecting higher mortality rates in populations with higher genomic offset predictions
or climatic transfer distances. The weather icons represent the climatic conditions in the five common gardens between the
planting and measurement dates: Atlantic climates with mild winters and relatively wet summers in Asturias and Bordeaux,
Mediterranean climates with severe summer droughts in Caceres and Madrid, and intermediate climates with wet winters but
dry summers in Fundao.

SNP sets was observed (see expected associations in fig. 6). Moreover, the proportion of
variance explained by height models including genomic offset predictions or climatic transfer
distances was nearly identical to that explained by models without these predictors (fig. S14).
Similar results for the correlations between corrected height and genomic offset predictions

can be found in figs. S15, S16.
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Figure 6: Estimated means and 95% credible intervals of the regression coefficients Sx, standing for the association between
height and genomic offset predictions or climatic transfer distances in the five common gardens. Expected associations are those
in which the 95% credible interval of Sx, is negative (i.e., populations with higher genomic offset or climatic transfer distances
grow less; illustrated by the green areas on the plot) and the 95% credible interval of Sx, encompasses zero, suggesting a
monotonic decrease in height with increasing genomic offset predictions (i.e., the higher the genomic offset of a population, the
less it is expected to grow). Graph titles include the time in months corresponding to the age at which height was recorded.
Genomic offsets were predicted using climatic data from 1901 to 1950 at the location of the 34 populations for the reference
period, and from the planting date to the measurement date at the location of the common gardens for the prediction period
(see section 2.8.1 and table 1, second column). The weather icons represent the climatic conditions in the five common gardens
between the planting and measurement dates: Atlantic climates with mild winters and relatively wet summers in Asturias and
Bordeaux, Mediterranean climates with severe summer droughts in Céceres and Madrid, and intermediate climates with wet
winters but dry summers in Fundao.

3.3 Validation of genomic offset predictions in natural populations

In the inventory plots, mortality rates were positively associated with basal area of all
tree species found in each plot (fig. S17) and the mean DBH of maritime pines in each
plot (fig. S18), while their interaction showed a negative association (fig. S19). Mortality

rates were positively associated (i.e., expected direction) with the genomic offset predictions
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based on RDA and pRDA (except for pRDA predictions with control frequency-matched
SNPs), but were negatively associated with predictions based on GF and GDM (except for
GDM predictions with all candidate SNPs; fig. 7c). The regression coefficients associated
with RDA and pRDA predictions were highly unlikely to occur by chance (fig. S20). The
strongest association was observed for RDA and all candidate SNPs, where a one-standard
deviation increase in genomic offset predictions corresponded to an estimated mean increase
in tree mortality probability of 59.8% in Spain and 63.3% in France. In fig. 7, we also
illustrate how higher genomic offset predictions based on RDA and all candidate SNPs
(mostly observed in southwestern France; fig. 7b) translate into higher predictions of annual
probability of tree mortality in the inventory plots (when the other covariates of the validation
models are fixed to the mean and the country fixed to Spain; fig. 7d). Regarding climatic
distances, annual precipitation (bio12) and isothermality (bio3) showed positive coeflicients
nearly as strong as the strongest coefficients from genomic offset predictions, while the other
climatic distances showed null or negative regression coefficients (fig. 7c). Last, Spearman
and Pearson correlations between corrected mortality rates and genomic offset predictions

closely aligned with regression coefficients (figs. S21, S22).

4 Discussion

The genomic offset concept has gained considerable traction in recent years, and is often

suggested as a tool for predicting population performance under climate change in situ or
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at a potential location for transplantation (e.g., Rhoné et al. 2020, Lachmuth et al. 2023).
However, genomic offset predictions have only been validated under a limited number of
scenarios (mostly local-foreign fitness offsets estimated from height measurements in common
gardens; e.g., Fitzpatrick et al. 2021) and species, e.g., balsam poplar (Populus balsamifera)
in Fitzpatrick et al. (2021) and lodgepole pine (Pinus contorta) in Capblancq et al. (2018).
Using data from 34 populations (454 genotypes) of maritime pine, a forest tree species
with strong population genetic structure, we observed high variability across genomic offset
predictions from five methods (GF, GDM, LFMM, RDA and pRDA), six sets of loci (control
and candidate SNPs) and five general circulation models. Genomic offset predictions were
generally validated against mortality data from common gardens; however, no single method
or SNP set consistently outperformed the others. More pronounced differences in predictive
ability were found for mortality in natural populations (home-away fitness offsets), with RDA
and pRDA using candidate SNPs showing higher predictive performance compared to other
combinations. Conversely, we found limited evidence of the expected monotonic negative
associations between genomic offset predictions and tree height in common gardens, which we
attribute to the strong effect of population genetic structure on tree height in maritime pine
(Archambeau et al. 2022). Our study demonstrates the current risks of relying on predictions
from a single method and highlights the challenges associated with implementing appropriate
empirical validation approaches (Lotterhos and Whitlock 2014), as well as the potential value
of incorporating observational data from natural populations in such validations. Further
improvements in both the estimation and validation of genomic offset appear essential before
these predictions can be reliably used as informative metrics in conservation or management

strategies.
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4.1 High variability in genomic offset predictions

Variability in genomic offset predictions across methods was somehow expected given
their different theoretical assumptions for estimating gene-climate relationships (Gain et al.
2023). RDA/pRDA and LFMM assume linear adaptive gradients and Gaussian selection
within populations (Capblancq and Forester 2021, Gain and Frangois 2021), and under some
conditions, Gain et al. (2023) demonstrated that their predictions should be identical. GF
and GDM are nonparametric approaches that make no a priori assumption about the shape
of the gene-climate relationships and the selection gradient within populations (Fitzpatrick
and Keller 2015, Gain et al. 2023). While it is expected that differing methodologies produce
varying predictions to some extent, the substantial variability observed across genomic offset
predictions—spanning methods, SNP sets, and general circulation models—is concerning.
Correlations among genomic offset predictions range from strongly negative to strongly pos-
itive, with many showing negligible correlations. Some populations that exhibit high genomic
offset with certain methods (e.g., the ALT and CAD populations when using GDM with all
candidate SNPs) display low genomic offset with other methods (e.g., RDA with all SNPs).
This variability highlights a critical issue: conclusions about the risk of maladaptation can
vary dramatically depending on the combination of methods and SNP sets chosen, making

it difficult to draw robust, consistent conclusions.

Demonstrating the high variability in genomic offset predictions across methods is not
new. Fitzpatrick and Keller (2015) pointed out the differences between GF and GDM pre-
dictions in the paper that launched the genomic offset concept and advised the use of the two
approaches in tandem. Lind et al. (2024) found high variability among predictions from GF

and RDA in Douglas fir (Pseudotsuga menziesii), but not in jack pine (Pinus banksiana).
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Our results therefore provide further evidence that relying on the predictions of a single
method without any knowledge of its empirical validity for the species under study must be

avoided.

4.2 The role of population genetic structure

To date, no consensus has been reached on how to account for population genetic struc-
ture and demographic history in landscape genomics. This also applies to genomic offset
approaches in which the first step is to identify a set of loci potentially involved in climate
adaptation (Capblancq et al. 2023, Eckert and Neale 2023). In species for which climatic
gradients that drive local adaptation covary with neutral genetic variation, correcting for
population structure in gene-environment association methods reduces the number of false
positives but at the expense of a higher number of false negatives (Lotterhos and Whitlock
2015). In red spruce, a species in which climate adaptation strongly covaries with neutral
population structure and geographic distance, Capblancq et al. (2023) showed that there
was almost no overlap among outliers identified by gene-environment association methods
correcting for population genetic structure and those that did not, and that selecting outliers
only from those methods that did correct resulted in the removal of most of the adaptive
signal. Therefore, to obtain a set of candidate SNPs representative of climate adaptation,
Capblancq et al. (2023) originally used a combination of four methods, two with correction
for population structure and two without, and considered as candidates for local adaptation
loci that were identified by at least two of them. This approach seemed appropriate for
our study given the highly confounded patterns of population genetic structure and climate

adaptation in our sampled populations, and more generally in maritime pine (Alberto et al.
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2013, Jaramillo-Correa et al. 2015, Archambeau et al. 2022). However, only 69 outliers were
detected by at least two gene-environment association methods (after filtering for nearby loci
on the genome; fig. 3a), which is likely insufficient to capture the complex signal of climate
adaptation. For this reason, we also retained a broader set of 380 candidate SNPs (205
of which were detected exclusively by methods that did not correct for population genetic
structure), and another set of 221 SNPs identified by at least one method that did account
for population structure (fig. 3a). Interestingly, genomic offset predictions based on RDA
and pRDA using each of these three candidate SNP sets showed similar positive associa-
tions with mortality rates in the inventory plots, which were stronger than those based on
control SNPs. This result suggests that the candidate SNP sets likely included loci located
within or near genes involved in climate adaptation. Moreover, it indicates that most of the
adaptive signal was already captured within the reduced sets of 69 common candidates and
221 candidates with population structure correction; however, this should be nuanced by the
weaker associations with mortality rates observed in some of the common gardens for these
smaller SNP sets, compared to those obtained with all candidates. These findings highlight
the potential relevance of pre-selecting candidate SNPs, at least in the case of maritime
pine. Still, this interpretation should be approached with caution, as these patterns were

not observed when using GDM or GF.

The second step at which population genetic structure can impact genomic offset predic-
tions is when estimating gene-climate relationships for the selected SNPs and then predicting
genomic offset at the locations of interest. We used GF without correction for population
genetic structure as it has been successfully validated with simulations (Léruson et al. 2022)

and common garden data (Lind et al. 2024). Correcting GF turnover functions for popu-
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lation genetic structure has been explored with Moran’s eigenvector maps (Fitzpatrick and
Keller 2015) or allele frequencies corrected for population relatedness based on the popu-
lation covariance matrix (Fitzpatrick et al. 2021). However, the first approach still lacks
empirical validation, while the second has only been validated in core populations of bal-
sam poplar with low genetic structure. GDM was performed with correction for population
genetic structure to estimate the gene-climate relationships (using population geographic co-
ordinates) and no correction in the prediction model, whereas we applied the RDA without
correcting for population structure at either stage. Last, LFMM and pRDA incorporated
population genetic structure both in the estimation of the gene-climate relationships and
in the prediction model (Rellstab et al. 2021), which likely explains the higher correlation
among their predictions compared to the other methods. The validation steps did not allow
us to discriminate between methods that correct for population genetic structure and those
that do not, as all performed similarly well in the common gardens (based on mortality
rates), and the two methods showing expected positive associations with mortality in inven-
tory plots included one that corrected for population structure (pRDA) and one that did

not (RDA).

Most importantly, our study has revealed the major effect that population genetic struc-
ture can have on the validation of genomic offset predictions in common gardens. Previ-
ous height growth models fitted on the five CLONAPIN common gardens showed that the
genetic-by-environment interaction (G*E) explained very little variance, and that the genetic
component of height growth was mainly explained by the gene pools of origin (Archambeau
et al. 2022). In our study, we used the population intercepts across the five common gardens

from the models of Archambeau et al. (2022) to account for the effect of the neutral genetic
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structure (and therefore indirectly the initial tree height at the planting date) in the mortal-
ity and height models. In mortality models, most detected associations were in the expected
direction when accounting for population genetic structure, which was not the case when
this factor was omitted (results not shown). In contrast, for height models, we almost never
observed the expected monotonic negative associations between genomic offset predictions
and height across the five common gardens, but many negative associations with an inverse
U-shaped pattern. This suggests that either there is no detectable climate maladaptation
in height variation in maritime pine, or that climate adaptation is too strongly correlated
with population genetic structure to be disentangled using our statistical models, or that
maritime pine populations are currently not optimally adapted for this trait along climatic
gradients, thus violating genomic offset theoretical assumptions and biasing its predictions.
Consequently, height may not be a reliable fitness proxy in climate adaptation studies on

maritime pine.

4.3 Validation of genomic offset predictions using different data

sources

Our results first demonstrate the value of combining different traits (mortality and height
in our study) to validate genomic offset predictions. Genomic offset predictions have mainly
been validated with height data from common gardens until now (e.g., Capblancq et al.
2018, Fitzpatrick et al. 2021). However, our study suggests that using tree height to validate
genomic offset predictions may not be appropriate in species with strong population genetic

structure and low G*E, and that mortality data are probably more reliable. Greater relia-

41



bility of mortality relative to height (and DBH) for validating genomic offset predictions has
also been found in jack pine (Lind et al. 2024). When both mortality and height data are
available, an alternative option would be to estimate the association between height and ge-

nomic offset predictions, setting the height of dead individuals to zero, as done in Capblancq

et al. (2023).

Second, robust validation of genomic offset predictions may considerably benefit from
using different data sources, enabling the evaluation of different types of fitness offsets (Lot-
terhos 2024a). By combining large-scale observational data (to estimate home-away fitness
offsets) with common garden data (to estimate local-foreign fitness offsets), we were able to
highlight that good performance in local-foreign fitness offsets does not necessarily translate
into good performance in home-away fitness offsets, as raised by Lotterhos (2024a). In-
deed, while genomic offset methods performed nearly equally well in the common gardens,
they showed discrepancies in validation when using mortality rates in the inventory plots.
Moreover, estimating home-away fitness offsets derived from mortality rates in the inventory
plots highlighted the greater empirical validity of candidate SNPs compared to control SNPs
for RDA and pRDA (the two validated methods)—a discrepancy not observed with local-
foreign fitness offsets from the common gardens (as also shown in Lind et al. 2024, Lind and
Lotterhos 2025). To our knowledge, differences in the empirical validity of genomic offset
predictions from candidate or control SNPs have not been demonstrated so far, although
predicting genomic offset from a set of candidate SNPs is generally advised (Fitzpatrick and

Keller 2015, Fitzpatrick et al. 2018, Capblancq et al. 2020).

Furthermore, empirical evidence linking genomic offset predictions to mortality rates

in natural settings would offer insights not available from common gardens. For instance,
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mortality events due to climate change, particularly drought-induced mortality, have in-
creasingly been documented in maritime pine populations across the Mediterranean region
(Gea-Izquierdo et al. 2019, Valeriano et al. 2021, Calama et al. 2024). If genomic offset pre-
dictions can identify populations at risk of such mortality, it would demonstrate the potential
for these predictions to be applied directly to real-world forest management. Moreover, these
predictions may provide insights into the evolutionary dynamics that may be at play in a
natural setting. On the one hand, higher mortality rates have the potential to accelerate
adaptive evolution by enhancing turnover within populations (Kuparinen et al. 2010). On
the other hand, higher predicted genomic offset in populations with higher mortality rates
suggests that these populations would have to undergo more significant changes to remain
adapted to the changing climatic conditions, therefore counterbalancing the positive effects

of mortality rates on adaptive evolution.

Despite these potential insights, care should be taken when interpreting this validation
approach. First, although we corrected for some potential confounding factors (competition
among trees, different sampling schemes across countries and differences in mean tree age
across plots), we cannot assert that the remaining mortality events were caused by climate
change alone. Indeed, mortality is a multifactorial stochastic process which is hard to model
and whose causes are difficult to determine (Franklin et al. 1987, Lines et al. 2010), and
inventory data are inherently noisy. However, this inherent messiness reflects the complexity
of forest ecosystems, and previous studies using the same inventory data (e.g., Archambeau
et al. 2020, for Scots pine and beech; and Changenet et al. 2021, for multiple species) have
shown that drought-induced mortality patterns can indeed be detected. Second, predicting

the genomic offset at the locations of the inventory plots relies on projecting the genomic
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composition of the sampled populations across the landscape based on their estimated gene-
climate relationships. Although our population sample represents the climatic space of the
inventory plots relatively well (except for locations with high SHM or low biol5, bio3 and
biol; figs. Ta, S23, S24), this step remains a spatial extrapolation, based on the assumption
that the gene-climate relationships estimated in the studied populations hold true across the
entire area covered by the inventory plots (Rellstab et al. 2021, Lind et al. 2024). These
projections are particularly uncertain for the pRDA, as we had to attribute population
genetic structure values for the inventory plots by assigning the principal component values

of the closest populations, a crude approximation.

Finally, a better understanding of the conditions under which genomic offset predictions
are valid would greatly benefit from the use of other data sources, such as experiments
specifically designed to assess the ability of populations to grow outside their range (e.g., the
REINFFORCE arboretum network; https://reinfforce2.plantedforests.org/), or regeneration
and reproduction data in natural stands, and from the comparison of genomic offset pre-
dictions with predictions from other types of models such as ecophysiological (e.g., Ruffault

et al. 2022) or eco-evolutionary models (e.g., Cotto et al. 2017).

4.4 Risk of maladaptation in maritime pine and limitations

No region was consistently identified as being most at risk of maladaptation across the
maritime pine range in the different genomic offset predictions produced in our study, and
virtually any region could be flagged as highly vulnerable depending on the specific com-

bination of method, SNP set, and general circulation model used for the projections. In
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Figure 8: Projections of genomic offset predictions from RDA and (a) the set with all the candidate SNPs (380 SNPs), (b)
the set with common candidate SNPs (69 SNPs) and (c) the set with the candidate SNPs corrected for population genentic
structure (221 SNPs). These predictions correspond to the averaged genomic offset predictions across the five climate general
circulation models, using the period 1901-1950 for the reference climates, and the period 2041-2060 for the future climates under
the shared socio-economic pathway (SSP) 3.7-0 (see section 2.7 and table 1, first column).

this section, we focus on predictions from RDA models based on the three sets of can-
didate SNPs, as these models exhibited the highest validation accuracy in the inventory
plots—whereas the common garden validations did not allow for clear discrimination among
methods or SNP sets. Populations in central and southwestern France were identified as hav-
ing higher risk of future maladaptation by RDA based on all candidate SNPs, whereas RDA
predictions based on the other two sets of candidate SNPs primarily identified regions in
southeastern Spain and northern Africa (fig. 8). At the population level, Oria (ORI; south-
eastern Spain), Tamrabta (TAM; North Africa), and Cémpeta (COM; southeastern Spain)
exhibited the highest predicted genomic offset with RDA based on the common candidate
SNPs and candidate SNPs corrected for population genetic structure, whereas these same

populations showed among the lowest genomic offset values under RDA predictions using
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all candidate SNPs. In contrast, RDA predictions based on all candidate SNPs identified
Pineta (PIE; Corsica), Olonne-sur-Mer (OLO; French Atlantic), and Saint-Jean-des-Monts
(STF; French Atlantic) as being most at risk of maladaptation. Given the high degree of
inconsistency across genomic offset predictions—even among those with the best empirical
validation—these results must be interpreted with considerable caution. We conclude that
current genomic offset methods are not yet mature enough to provide consistent and reliable

metrics for assessing maladaptation risk in maritime pine.

Data limitations inherent to our study may partly explain these inconsistent results.
First, the population allele frequencies used to predict genomic offset were based on small
sample sizes for certain populations, notably Madisouka (MAD), which had only one individ-
ual available (table S4). To maximize the number of populations, we included this genotype
in our analyses, despite the trade-off in individual sample sizes. Nevertheless, the average
number of samples per population is about 13 diploid individuals, which should still be suf-
ficient for allele frequency estimation in most populations. Second, our study used 9,817
SNPs—a relatively small number given the large size of the maritime pine genome (28 Gbp;
Zonneveld 2012). We filtered out SNPs with more than 20% missing data and imputed the
missing values for the remaining SNPs using the most common allele at each SNP within the
main gene pool of the individual. We verified that this imputation step did not introduce
any bias by confirming a high correlation between genomic offset predictions based on all
SNPs and those based on the subset of 3,258 SNPs with no missing data. Despite these data
limitations, the genomic offset projections from GF observed in our study align with those
reported in a recent study which used a larger dataset of 1,510 individuals from 82 maritime

pine populations (about 50 populations with sample size over 20 diploid individuals; Ther-
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aroz et al. 2024). Both studies identified the populations of Armayan (ARM), Alto de la
Llama (ALT) and Sergude (SEG) as having some of the highest genomic offset values. This

consistency between studies supports the adequacy of our data to conduct this study.

The inconsistency of our results may be better explained by the strong limitations inher-
ent to the genomic offset approach, which have already been discussed in depth (Hoffmann
et al. 2021, Rellstab et al. 2021, Lotterhos 2024a, Ahrens et al. 2025, Lind and Lotterhos
2025). We will mention here just a few arguments that we consider should be given partic-
ular attention in maritime pine, and more generally in forest trees. First, climate change
exposure is integrated within the genomic offset approach using distances between long-term
means of past and future climatic conditions. However, population vulnerability to climate
change will also strongly depend on the variation and correlation of the climatic variables,
and the magnitude and probability of climatic extremes (Parmesan et al. 2000, Nadeau and
Fuller 2015). For example, in forest trees, die-offs have been attributed to increasingly fre-
quent and intense drought events (Allen et al. 2010, 2015). In this line, Lind and Lotterhos
(2025) demonstrated that the predictive ability of genomic offset strongly decreased under
climate novelty, particularly in study systems with strong local adaptation. Second, vulner-
ability to climate change is not only determined by the risk of maladaptation but also by the
ability of a population to respond to the changes. This intraspecific response capacity relies
on three mechanisms: phenotypic plasticity, dispersal ability and adaptive potential (IPCC
2007, Foden et al. 2019). Most tree species show high phenotypic plasticity (Nicotra et al.
2010, Benito Garzoén et al. 2019), long-distance gene flow facilitating the spread of beneficial
alleles (Kremer et al. 2012), and high levels of genetic variation within populations (Scotti

et al. 2016). Since these components of population response capacity are not integrated into
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the genomic offset approach, any credible interpretation of its predictions must take this

context into account.

A final caveat of our study is the use of contemporary genetic data to predict the effects
of recent climate change; ideally, genetic samples would be collected from populations before
the onset of climate shifts. Accumulating evidence suggests that tree populations can evolve
rapidly (e.g., Petit and Hampe 2006, Saleh et al. 2022), and thus we cannot rule out that
the genomic composition of the sampled populations has changed significantly over the last

century.

5 Conclusion

Our study shows that current genomic offset approaches produce highly variable outcomes
depending on technical choices. Grounding these approaches in a more solid theoretical
framework appears necessary. Progress has already been made in defining a quantitative
theory and the domain of applicability of genomic offset approaches (Hoffmann et al. 2021,
Rellstab et al. 2021, Gain et al. 2023, Lotterhos 2024a, Ahrens et al. 2025). Empirical
validation based on diverse data sources (e.g., natural populations vs common gardens,
multi-environment common gardens, multiple traits, multiple species, etc) and evaluation
approaches (e.g., local-foreign vs home-away fitness offsets; Lotterhos 2024a) will also be
needed before the genomic offset concept can be confidently applied in conservation and

management strategies as a metric of maladaptation.
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8 Data and code availability

Data and code were deposited in the Dryad repository at https://doi.org/10.5061/dr
yad.bnzs7h4jt. The scripts are also available in the following Github repository: https:

//github.com/JulietteArchambeau/GOPredEvalPinpin.

References

Ahrens, C. W., Rymer, P. D.; and Miller, A. D. (2025). Genetic offset and vulnerability
modeling under climate change scenarios: common misinterpretations and violations of
evolutionary principles. Evolution, 80, 15— 27. https://doi.org/10.1093 /evolut /qpaf216.

50


https://doi.org/10.5061/dryad.bnzs7h4jt
https://doi.org/10.5061/dryad.bnzs7h4jt
https://github.com/JulietteArchambeau/GOPredEvalPinpin
https://github.com/JulietteArchambeau/GOPredEvalPinpin
https://doi.org/10.1093/evolut/qpaf216

Alberto, F., Aitken, S. N., Alia, R., Gonzdalez-Martinez, S. C., Hanninen, H., Kremer, A.,
Lefevre, F., Lenormand, T., Yeaman, S., Whetten, R., and Savolainen, O. (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.

Allen, C. D., Breshears, D. D., and McDowell, N. G. (2015). On underestimation of global
vulnerability to tree mortality and forest die-off from hotter drought in the
Anthropocene. Ecosphere, 6, 1- 55. https://doi.org/10.1890/ES15-00203.1.

Allen, C. D., Macalady, A. K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, M.,
Kitzberger, T., Rigling, A., Breshears, D. D., Hogg, E. H., Gonzalez, P., Fensham, R.,
Zhang, 7., Castro, J., Demidova, N., Lim, J.-H., Allard, G., Running, S. W.,

Semerci, A., and Cobb, N. (2010). A global overview of drought and heat-induced tree
mortality reveals emerging climate change risks for forests. Forest Ecology and
Management, 259, 660— 684. https://doi.org/10.1016/j.foreco.2009.09.001.

Archambeau, J., Benito Garzon, M., Barraquand, F., de Miguel, M., Plomion, C., and
Gonzélez-Martinez, S. C. (2022). Combining climatic and genomic data improves
range-wide tree height growth prediction in a forest tree. The American Naturalist, 200,
E141- E159. https://doi.org/10.1086,/720619.

Archambeau, J., Ruiz-Benito, P., Ratcliffe, S., Fréjaville, T., Changenet, A.,

Munoz Castaneda, J. M., Lehtonen, A., Dahlgren, J., Zavala, M. A., and

Benito Garzén, M. (2020). Similar patterns of background mortality across Europe are
mostly driven by drought in European beech and a combination of drought and
competition in Scots pine. Agricultural and Forest Meteorology, 280, 107772.
https://doi.org/10.1016/j.agrformet.2019.107772.

Bay, R. A., Harrigan, R. J., Underwood, V. L., Gibbs, H. L., Smith, T. B., and Ruegg, K.
(2018). Genomic signals of selection predict climate-driven population declines in a
migratory bird. Science, 359, 83— 86. https://doi.org/10.1126 /science.aan4380.

Benito Garzén, M., Robson, T. M., and Hampe, A. (2019). ATraitSDMs: species
distribution models that account for local adaptation and phenotypic plasticity. New
Phytologist, 222, 1757— 1765. https://doi.org/10.1111/nph.15716.

Brady, S. P., Bolnick, D. 1., Angert, A. L., Gonzalez, A., Barrett, R. D. H., Crispo, E.,
Derry, A. M., Eckert, C. G., Fraser, D. J., Fussmann, G. F., Guichard, F., Lamy, T.,
McAdam, A. G., Newman, A. E. M., Paccard, A., Rolshausen, G., Simons, A. M., and
Hendry, A. P. (2019a). Causes of maladaptation. Evolutionary Applications, 12, 1229
1242. https://doi.org/10.1111/eva.12844.

Brady, S. P., Bolnick, D. I., Barrett, R. D. H., Chapman, L., Crispo, E., Derry, A. M.,
Eckert, C. G., Fraser, D. J., Fussmann, G. F., Gonzalez, A., Guichard, F., Lamy, T,
Lane, J., McAdam, A. G., Newman, A. E. M., Paccard, A., Robertson, B.,
Rolshausen, G., Schulte, P. M., Simons, A. M., Vellend, M., and Hendry, A. (2019b).
Understanding maladaptation by uniting ecological and evolutionary perspectives. The
American Naturalist, 194, 495- 515. https://doi.org/10.1086/705020.

Bucci, G., Gonzalez-Martinez, S. C., Provost, G. L., Plomion, C., Ribeiro, M. M.,
Sebastiani, F., Alia, R., and Vendramin, G. G. (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/j.1365-294X.2007.03275.x.

51


https://doi.org/10.1111/gcb.12181
https://doi.org/10.1890/ES15-00203.1
https://doi.org/10.1016/j.foreco.2009.09.001
https://doi.org/10.1086/720619
https://doi.org/10.1016/j.agrformet.2019.107772
https://doi.org/10.1126/science.aan4380
https://doi.org/10.1111/nph.15716
https://doi.org/10.1111/eva.12844
https://doi.org/10.1086/705020
https://doi.org/10.1111/j.1365-294X.2007.03275.x

Budde, K. B., Heuertz, M., Hernandez-Serrano, A., Pausas, J. G., Vendramin, G. G.,
Verdui, M., and Gonzalez-Martinez, S. C. (2014). In situ genetic association for serotiny,
a fire-related trait, in Mediterranean maritime pine (Pinus pinaster). New Phytologist,
201, 230— 241. https://doi.org/10.1111/nph.12483.

Biirger, R. and Lynch, M. (1995). Evolution and extinction in a changing environment: a
quantitative-genetic analysis. Evolution, 49, 151— 163.
https://doi.org/10.1111/1.1558-5646.1995.th05967.x.

Calama, R., Martinez, C., Gordo, J., Del Rio, M., Menéndez-Miguélez, M., and Pardos, M.
(2024). The impact of climate and management on recent mortality in Pinus pinaster
resin-tapped forests of inland Spain. Forestry: An International Journal of Forest
Research, 97, 120— 132. https://doi.org/10.1093 /forestry /cpad023.

Capblancq, T., Fitzpatrick, M. C., Bay, R. A., Exposito-Alonso, M., and Keller, S. R.
(2020). Genomic prediction of (mal)adaptation across current and future climatic
landscapes. Annual Review of Ecology, Evolution, and Systematics, 51, 245— 269.
https://doi.org/10.1146 /annurev-ecolsys-020720-042553.

Capblancq, T. and Forester, B. R. (2021). Redundancy analysis: a Swiss army knife for
landscape genomics. Methods in Ecology and Evolution, 12, 2298— 2309.
https://doi.org/10.1111/2041-210X.13722.

Capblancq, T., Lachmuth, S., Fitzpatrick, M. C., and Keller, S. R. (2023). From common
gardens to candidate genes: exploring local adaptation to climate in red spruce. New
Phytologist, 237, 1590— 1605. https://doi.org/10.1111/nph.18465.

Capblancq, T., Luu, K., Blum, M. G. B., and Bazin, E. (2018). Evaluation of redundancy
analysis to identify signatures of local adaptation. Molecular Ecology Resources, 18,
1223- 1233. https://doi.org/10.1111/1755-0998.12906.

Carpenter, B., Gelman, A., Hoffman, M. D., Lee, D., Goodrich, B., Betancourt, M.,
Brubaker, M., Guo, J., Li, P., and Riddell, A. (2017). Stan : a probabilistic
programming language. Journal of Statistical Software, 76.
https://doi.org/10.18637/jss.v076.i01.

Caye, K., Jumentier, B., Lepeule, J., and Francois, O. (2019). LEMM 2: fast and accurate
inference of gene-environment associations in genome-wide studies. Molecular Biology
and Evolution, 36, 852— 860. https://doi.org/10.1093/molbev/msz008.

Changenet, A., Ruiz-Benito, P., Ratcliffe, S., Fréjaville, T., Archambeau, J., Porte, A. J.,
Zavala, M. A., Dahlgren, J., Lehtonen, A., and Benito Garzén, M. (2021). Occurrence
but not intensity of mortality rises towards the climatic trailing edge of tree species
ranges in European forests. Global Ecology and Biogeography, 30, 1356— 1374.
https://doi.org/10.1111/geb.13301.

Chevin, L.-M., Lande, R., and Mace, G. M. (2010). Adaptation, plasticity, and extinction
in a changing environment: towards a predictive theory. PLOS Biology, 8, e1000357.
https://doi.org/10.1371/journal.pbio.1000357.

Collins, M., Knutti, R., Arblaster, J., Dufresne, J.-L., Fichefet, T., Friedlingstein, P.,
Gao, X., Gutowski, W. J., Johns, T., Krinner, G., Shongwe, M., Tebaldi, C.,

Weaver, A. J., and Wehner, M. (2013). Chapter 12 - Long-term climate change:
projections, commitments and irreversibility. in IPCC, editors. Climate Change 20183:
The Physical Science Basis. IPCC Working Group I Contribution to ARS5. Cambridge
University Press.

52


https://doi.org/10.1111/nph.12483
https://doi.org/10.1111/j.1558-5646.1995.tb05967.x
https://doi.org/10.1093/forestry/cpad023
https://doi.org/10.1146/annurev-ecolsys-020720-042553
https://doi.org/10.1111/2041-210X.13722
https://doi.org/10.1111/nph.18465
https://doi.org/10.1111/1755-0998.12906
https://doi.org/10.18637/jss.v076.i01
https://doi.org/10.1093/molbev/msz008
https://doi.org/10.1111/geb.13301
https://doi.org/10.1371/journal.pbio.1000357

Cotto, O., Wessely, J., Georges, D., Klonner, G., Schmid, M., Dullinger, S., Thuiller, W.,
and Guillaume, F. (2017). A dynamic eco-evolutionary model predicts slow response of
alpine plants to climate warming. Nature Communications, 8, 15399.
https://doi.org/10.1038 /ncomms15399.

de Miguel, M., Rodriguez-Quilén, 1., Heuertz, M., Hurel, A., Grivet, D.,

Jaramillo-Correa, J. P., Vendramin, G. G., Plomion, C., Majada, J., Alia, R.,

Eckert, A. J., and Gonzalez-Martinez, S. C. (2022). Polygenic adaptation and negative
selection across traits, years and environments in a long-lived plant species (Pinus
pinaster Ait., Pinaceae). Molecular Ecology. https://doi.org/10.1111/mec.16367.

Eckert, A. J. and Neale, D. B. (2023). Probing the dark matter of environmental
associations yields novel insights into the architecture of adaptation. New Phytologist,
237, 1479- 1482. https://doi.org/10.1111/nph.18639.

Ellis, N., Smith, S. J., and Pitcher, C. R. (2012). Gradient forests: calculating importance
gradients on physical predictors. Ecology, 93, 156 168.
https://doi.org/10.1890/11-0252.1.

Ferrier, S., Manion, G., Elith, J., and Richardson, K. (2007). Using generalized
dissimilarity modelling to analyse and predict patterns of beta diversity in regional
biodiversity assessment. Diversity and Distributions, 13, 252— 264.
https://doi.org/10.1111/j.1472-4642.2007.00341.x.

Fitzpatrick, M. C., Chhatre, V. E., Soolanayakanahally, R. Y., and Keller, S. R. (2021).
Experimental support for genomic prediction of climate maladaptation using the
machine learning approach Gradient Forests. Molecular Ecology Resources, 21, 2749~
2765. https://doi.org/10.1111/1755-0998.13374.

Fitzpatrick, M. C. and Keller, S. R. (2015). Ecological genomics meets community-level
modelling of biodiversity: mapping the genomic landscape of current and future
environmental adaptation. Ecology Letters, 18, 1- 16. https://doi.org/10.1111/ele.12376.

Fitzpatrick, M. C., Keller, S. R., and Lotterhos, K. E. (2018). Comment on “Genomic
signals of selection predict climate-driven population declines in a migratory bird”.
Science, 361. https://doi.org/10.1126 /science.aat7279.

Fitzpatrick, M. C., Mokany, K., Manion, G., Nieto-Lugilde, D., and Ferrier, S. (2025). Gdm:
Generalized Dissimilarity Modeling. https://doi.org/10.32614/CRAN.package.gdm.

Foden, W. B., Young, B. E., Akcakaya, H. R., Garcia, R. A., Hoffmann, A. A,

Stein, B. A., Thomas, C. D., Wheatley, C. J., Bickford, D., Carr, J. A., Hole, D. G.,
Martin, T. G., Pacifici, M., Pearce-Higgins, J. W., Platts, P. J., Visconti, P.,

Watson, J. E. M., and Huntley, B. (2019). Climate change vulnerability assessment of
species. WIREs Climate Change, 10, e551. https://doi.org/10.1002/wcc.551.

Fortin, M., Bédard, S., DeBlois, J., and Meunier, S. (2008). Predicting individual tree
mortality in northern hardwood stands under uneven-aged management in southern
Québec, Canada. Annals of Forest Science, 65, 205— 205.
https://doi.org/10.1051 /forest:2007088.

Franklin, J. F., Shugart, H. H., and Harmon, M. E. (1987). Tree death as an ecological
process. BioScience, 37, 550— 556. https://doi.org/10.2307/1310665.

Fréjaville, T., Vizcaino-Palomar, N., Fady, B., Kremer, A., and Garzén, M. B. (2020).
Range margin populations show high climate adaptation lags in European trees. Global
Change Biology, 26, 484— 495. https://doi.org/10.1111/gcb.14881.

53


https://doi.org/10.1038/ncomms15399
https://doi.org/10.1111/mec.16367
https://doi.org/10.1111/nph.18639
https://doi.org/10.1890/11-0252.1
https://doi.org/10.1111/j.1472-4642.2007.00341.x
https://doi.org/10.1111/1755-0998.13374
https://doi.org/10.1111/ele.12376
https://doi.org/10.1126/science.aat7279
https://doi.org/10.32614/CRAN.package.gdm
https://doi.org/10.1002/wcc.551
https://doi.org/10.1051/forest:2007088
https://doi.org/10.2307/1310665
https://doi.org/10.1111/gcb.14881

Frichot, E., Schoville, S. D., Bouchard, G., and Frangois, O. (2013). Testing for associations
betweenl loci and environmental gradients using Latent Factor Mixed Models. Molecular
Biology and Evolution, 30, 1687— 1699. https://doi.org/10.1093/molbev/mst063.

Gain, C. and Francois, O. (2021). LEA 3: Factor models in population genetics and
ecological genomics with R. Molecular Ecology Resources, 21, 2738 2748.
https://doi.org/10.1111/1755-0998.13366.

Gain, C., Rhoné, B., Cubry, P., Salazar, 1., Forbes, F., Vigouroux, Y., Jay, F., and
Frangois, O. (2023). A quantitative theory for genomic offset statistics. Molecular
Biology and Evolution, 40, msad140. https://doi.org/10.1093 /molbev/msad140.

Gautier, M. (2015). Genome-wide scan for adaptive divergence and association with
population-specific covariates. Genetics, 201, 1555— 1579.
https://doi.org/10.1534 /genetics.115.181453.

Gea-Izquierdo, G., Férriz, M., Garcia-Garrido, S., Aguin, O., Elvira-Recuenco, M.,
Hernandez-Escribano, L., Martin-Benito, D., and Raposo, R. (2019). Synergistic abiotic
and biotic stressors explain widespread decline of Pinus pinaster in a mixed forest.
Science of The Total Environment, 685, 963— 975.
https://doi.org/10.1016/j.scitotenv.2019.05.378.

Gomulkiewicz, R. and Holt, R. D. (1995). When does evolution by natural selection
prevent extinction? Ewvolution, 49, 201- 207. https://doi.org/10.2307/2410305.

Gonzéalez-Martinez, S. C., Alia, R., and Gil, L. (2002). Population genetic structure in a
Mediterranean pine (Pinus pinaster Ait.): a comparison of allozyme markers and
quantitative traits. Heredity, 89, 199— 206. https://doi.org/10.1038 /sj.hdy.6800114.

Guilbaud, R., Biselli, C., Buiteveld, J., Cattivelli, L., Copini, P., Dowkiw, A., Esselink, D.,
Fricano, A., Guerin, V., Jorge, V., Kelly, L., Kodde, L., Metheringham, C. L.,

Pinosio, S., Rogier, O., Segura, V., Spanu, ., Buggs, R., Gonzalez-Martinez, S. C.,
Nervo, G., Smulders, R., Sanchez Rodriguez, L., Vendramin, G., and
Faivre-Rampant, P. (2020). Development of a new tool (ATREE) for adapted genome
selection in European tree species. Conference poster, Avignon, France.

Guo, J., Gabry, J., Goodrich, B., Johnson, A., Weber, S., Badr, H. S., Lee, D.,

Sakrejda, K., Martin, M., University, T. o. C., Sklyar (R/cxxfunplus.R), O.,
Team (R/pairs.R, T. R. C., R/dynGet.R), Oehlschlaegel-Akiyoshi (R/pairs.R), J.,
Maddock (gamma.hpp), J., Bristow (gamma.hpp), P., Agrawal (gamma.hpp), N.,
Kormanyos (gamma.hpp), C., and Steve, B. (2025). Rstan: R Interface to Stan.

Hoffmann, A. A., Weeks, A. R., and Sgro, C. M. (2021). Opportunities and challenges in
assessing climate change vulnerability through genomics. Cell, 184, 1420— 1425.
https://doi.org/10.1016/j.cell.2021.02.006.

IPCC (2007). Climate change 2007: impacts, adaptation and vulnerability. Contribution of
working group II to the fourth assessment report of the Intergovernmental Panel on
Climate Change.

Jaramillo-Correa, J.-P., Rodriguez-Quilon, 1., Grivet, D., Lepoittevin, C., Sebastiani, F.,
Heuertz, M., Garnier-Géré, P. H., Alia, R., Plomion, C., Vendramin, G. G., and
Gonzélez-Martinez, S. C. (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.

Jeffreys, H. (1961). Theory of probability. 3rd Edition. Clarendon Press, Oxford.

o4


https://doi.org/10.1093/molbev/mst063
https://doi.org/10.1111/1755-0998.13366
https://doi.org/10.1093/molbev/msad140
https://doi.org/10.1534/genetics.115.181453
https://doi.org/10.1016/j.scitotenv.2019.05.378
https://doi.org/10.2307/2410305
https://doi.org/10.1038/sj.hdy.6800114
https://doi.org/10.1016/j.cell.2021.02.006
https://doi.org/10.1534/genetics.114.173252

Kremer, A., Ronce, O., Robledo-Arnuncio, J. J., Guillaume, F., Bohrer, G., Nathan, R.,
Bridle, J. R., Gomulkiewicz, R., Klein, E. K., Ritland, K., Kuparinen, A., Gerber, S.,
and Schueler, S. (2012). Long-distance gene flow and adaptation of forest trees to rapid
climate change. Fcology Letters, 15, 378— 392.
https://doi.org/10.1111/j.1461-0248.2012.01746.x.

Kuparinen, A., Savolainen, O., and Schurr, F. M. (2010). Increased mortality can promote
evolutionary adaptation of forest trees to climate change. Forest Ecology and
Management, 259, 1003— 1008. https://doi.org/10.1016/j.foreco.2009.12.006.

Lachmuth, S., Capblancq, T., Keller, S. R., and Fitzpatrick, M. C. (2023). Assessing
uncertainty in genomic offset forecasts from landscape genomic models (and
implications for restoration and assisted migration). Frontiers in Ecology and FEvolution,
11. https://doi.org/10.3389 /fevo.2023.1155783.

Léruson, A. J., Yeaman, S., and Lotterhos, K. E. (2020). The importance of genetic
redundancy in evolution. Trends in Ecology € Evolution, 35, 809— 822.
https://doi.org/10.1016/j.tree.2020.04.009.

Laruson, A. J., Fitzpatrick, M. C., Keller, S. R., Haller, B. C., and Lotterhos, K. E. (2022).
Seeing the forest for the trees: assessing genetic offset predictions from gradient forest.
FEvolutionary Applications, 15, 403— 416. https://doi.org/10.1111/eva.13354.

Lemoine, N. P. (2019). Moving beyond noninformative priors: why and how to choose
weakly informative priors in Bayesian analyses. Oikos, 128, 912— 928.
https://doi.org/10.1111/0ik.05985.

Lind, B. M., Candido-Ribeiro, R., Singh, P., Lu, M., Obreht Vidakovic, D., Booker, T. R.,
Whitlock, M. C., Yeaman, S., Isabel, N., and Aitken, S. N. (2024). How useful is
genomic data for predicting maladaptation to future climate? Global Change Biology,
30, e17227. https://doi.org/10.1111/gch.17227.

Lind, B. M. and Lotterhos, K. E. (2025). The accuracy of predicting maladaptation to new
environments with genomic data. Molecular Ecology Resources, 25, e14008.
https://doi.org/https://doi.org/10.1111/1755-0998.14008.

Lines, E. R., Coomes, D. A., and Purves, D. W. (2010). Influences of forest structure,
climate and species composition on tree mortality across the Eastern US. PLOS ONE,
5, €13212. https://doi.org/10.1371 /journal.pone.0013212.

Lotterhos, K. E. (2024a). Interpretation issues with “genomic vulnerability” arise from
conceptual issues in local adaptation and maladaptation. Evolution Letters, 8, 331— 339.
https://doi.org/10.1093/evlett /qrae004.

— (2023). The paradox of adaptive trait clines with nonclinal patterns in the underlying
genes. Proceedings of the National Academy of Sciences, 120, €2220313120.
https://doi.org/10.1073/pnas.2220313120.

— (2024b). Principles in experimental design for evaluating genomic forecasts. Methods in
Ecology and Evolution, 15, 1466— 1482. https://doi.org/10.1111/2041-210X.14379.

Lotterhos, K. E. and Whitlock, M. C. (2014). Evaluation of demographic history and
neutral parameterization on the performance of FST outlier tests. Molecular Ecology,
23, 2178- 2192. https://doi.org/10.1111/mec.12725.

— (2015). The relative power of genome scans to detect local adaptation depends on
sampling design and statistical method. Molecular Ecology, 24, 1031— 1046.
https://doi.org/10.1111/mec.13100.

%)


https://doi.org/10.1111/j.1461-0248.2012.01746.x
https://doi.org/10.1016/j.foreco.2009.12.006
https://doi.org/10.3389/fevo.2023.1155783
https://doi.org/10.1016/j.tree.2020.04.009
https://doi.org/10.1111/eva.13354
https://doi.org/10.1111/oik.05985
https://doi.org/10.1111/gcb.17227
https://doi.org/https://doi.org/10.1111/1755-0998.14008
https://doi.org/10.1371/journal.pone.0013212
https://doi.org/10.1093/evlett/qrae004
https://doi.org/10.1073/pnas.2220313120
https://doi.org/10.1111/2041-210X.14379
https://doi.org/10.1111/mec.12725
https://doi.org/10.1111/mec.13100

Marchi, M., Bucci, G., lovieno, P., and Ray, D. (2024). ClimateDT: a global scale-free
dynamic downscaling portal for historic and future climate data. Environments, 11, 82.
https://doi.org/10.3390/environments11040082.

Metzger, M. J. (2018). The environmental stratification of Europe.
https://doi.org/10.7488 /ds/2356.

Nadeau, C. P. and Fuller, A. K. (2015). Accounting for multiple climate components when
estimating climate change exposure and velocity. Methods in Ecology and Evolution, 6,
697— 705. https://doi.org/10.1111/2041-210X.12360.

Nicotra, A. B., Atkin, O. K., Bonser, S. P., Davidson, A. M., Finnegan, E. J.,

Mathesius, U., Poot, P., Purugganan, M. D., Richards, C. L., Valladares, F., and van
Kleunen, M. (2010). Plant phenotypic plasticity in a changing climate. Trends in Plant
Science, 15, 684— 692. https://doi.org/10.1016/j.tplants.2010.09.008.

Niu, S., Li, J., Bo, W., Yang, W., Zuccolo, A., Giacomello, S., Chen, X., Han, F., Yang, J.,
Song, Y., Nie, Y., Zhou, B., Wang, P., Zuo, Q., Zhang, H., Ma, J., Wang, J., Wang, L.,
Zhu, Q., Zhao, H., Liu, Z., Zhang, X., Liu, T., Pei, S., Li, Z., Hu, Y., Yang, Y., Li, W.,
Zan, Y., Zhou, L., Lin, J., Yuan, T., Li, W., Li, Y., Wei, H., and Wu, H. X. (2022). The
Chinese pine genome and methylome unveil key features of conifer evolution. Cell, 185,
204— 217.e14. https://doi.org/10.1016/j.cell.2021.12.006.

Oksanen, J., Simpson, G. L., Blanchet, F. G., Kindt, R., Legendre, P., Minchin, P. R.,
O’Hara, R., Solymos, P., Stevens, M. H. H., Szoecs, E., Wagner, H., Barbour, M.,
Bedward, M., Bolker, B., Borcard, D., Carvalho, G., Chirico, M., De Caceres, M.,
Durand, S., Evangelista, H. B. A., FitzJohn, R., Friendly, M., Furneaux, B.,

Hannigan, G., Hill, M. O., Lahti, L., McGlinn, D., Ouellette, M.-H., Ribeiro Cunha, E.,
Smith, T., Stier, A., Ter Braak, C. J., and Weedon, J. (2022). Vegan: community
ecology package.

Parmesan, C., Root, T. L., and Willig, M. R. (2000). Impacts of extreme weather and
climate on terrestrial biota. Bulletin of the American Meteorological Society, 81, 443—
450. https://doi.org/10.1175/1520-0477(2000)081;0443:I0EWAC; 2.3.CO;2.

Parmesan, C. and Yohe, G. (2003). A globally coherent fingerprint of climate change
impacts across natural systems. Nature, 421, 37— 42.
https://doi.org/10.1038 /nature01286.

Pedlar, J. H. and McKenney, D. W. (2017). Assessing the anticipated growth response of
northern conifer populations to a warming climate. Scientific Reports, 7, 43881.
https://doi.org/10.1038 /srep43881.

Petit, R. J. and Hampe, A. (2006). Some evolutionary consequences of being a tree. Annual
Review of Ecology, Evolution, and Systematics, 37, 187— 214.
https://doi.org/10.1146 /annurev.ecolsys.37.091305.110215.

Philipson, C. D., Dent, D. H., O’Brien, M. J., Chamagne, J., Dzulkifli, D., Nilus, R.,
Philips, S., Reynolds, G., Saner, P., and Hector, A. (2014). A trait-based trade-off
between growth and mortality: evidence from 15 tropical tree species using size-specific
relative growth rates. Ecology and Evolution, 4, 3675— 3688.
https://doi.org/10.1002/ece3.1186.

Plomion, C., Bastien, C., Bogeat-Triboulot, M.-B., Bouffier, L., Déjardin, A., Duplessis, S.,
Fady, B., Heuertz, M., Le Gac, A.-L., Le Provost, G., Legué, V., Lelu-Walter, M.-A.,
Leplé, J.-C., Maury, S., Morel, A., Oddou-Muratorio, S., Pilate, G., Sanchez, L.,

56


https://doi.org/10.3390/environments11040082
https://doi.org/10.7488/ds/2356
https://doi.org/10.1111/2041-210X.12360
https://doi.org/10.1016/j.tplants.2010.09.008
https://doi.org/10.1016/j.cell.2021.12.006
https://doi.org/10.1175/1520-0477(2000)081<0443:IOEWAC>2.3.CO;2
https://doi.org/10.1038/nature01286
https://doi.org/10.1038/srep43881
https://doi.org/10.1146/annurev.ecolsys.37.091305.110215
https://doi.org/10.1002/ece3.1186

Scotti, 1., Scotti-Saintagne, C., Segura, V., Trontin, J.-F., and Vacher, C. (2016). Forest
tree genomics: 10 achievements from the past 10 years and future prospects. Annals of
Forest Science, 73, 77— 103. https://doi.org/10.1007 /s13595-015-0488-3.

R Core Team (2022). R: a language and environment for statistical computing. R
Foundation for Statistical Computing.

Rehfeldt, G. E., Leites, L. P.; Joyce, D. G., and Weiskittel, A. R. (2018). Role of
population genetics in guiding ecological responses to climate. Global Change Biology,
24, 858- 868. https://doi.org/10.1111/gcb.13883.

Rehfeldt, G. E., Tchebakova, N. M., Milyutin, L. I., Parfenova, E. 1., Wykoff, W. R.., and
Kouzmina, N. A. (2003). Assessing population responses to climate in Pinus sylvestris
and Larix spp. of Eurasia with climate-transfer models. Eurasian Journal of Forest
Research - Hokkaido University (Japan).

Rehfeldt, G. E., Tchebakova, N. M., Parfenova, Y. I., Wykoff, W. R., Kuzmina, N. A., and
Milyutin, L. I. (2002). Intraspecific responses to climate in Pinus sylvestris. Global
Change Biology, 8, 912— 929. https://doi.org/10.1046/j.1365-2486.2002.00516.x.

Rellstab, C., Dauphin, B., and Exposito-Alonso, M. (2021). Prospects and limitations of
genomic offset in conservation management. Fvolutionary Applications, 14, 1202— 1212.
https://doi.org/10.1111/eva.13205.

Rellstab, C., Zoller, S., Walthert, L., Lesur, L., Pluess, A. R., Graf, R., Bodénes, C.,
Sperisen, C., Kremer, A., and Gugerli, F. (2016). Signatures of local adaptation in
candidate genes of oaks (Quercus spp.) with respect to present and future climatic
conditions. Molecular Ecology, 25, 5907— 5924. https://doi.org/10.1111/mec.13889.

Rhoné, B., Defrance, D., Berthouly-Salazar, C., Mariac, C., Cubry, P., Couderc, M.,
Dequincey, A., Assoumanne, A., Kane, N. A.; Sultan, B., Barnaud, A., and
Vigouroux, Y. (2020). Pearl millet genomic vulnerability to climate change in West
Africa highlights the need for regional collaboration. Nature Communications, 11, 5274.
https://doi.org/10.1038 /s41467-020-19066-4.

Ruffault, J., Pimont, F., Cochard, H., Dupuy, J.-L., and Martin-StPaul, N. (2022).
SurEau-Ecos v2.0: a trait-based plant hydraulics model for simulations of plant water
status and drought-induced mortality at the ecosystem level. Geoscientific Model
Development, 15, 5593— 5626. https://doi.org/10.5194/gmd-15-5593-2022.

Saleh, D., Chen, J., Leplé, J.-C., Leroy, T., Truffaut, L., Dencausse, B., Lalanne, C.,
Labadie, K., Lesur, I., Bert, D., Lagane, F., Morneau, F., Aury, J.-M., Plomion, C.,
Lascoux, M., and Kremer, A. (2022). Genome-wide evolutionary response of European
oaks during the Anthropocene. Fvolution Letters, 6, 4— 20.
https://doi.org/10.1002/ev13.269.

Santos-del-Blanco, L., Climent, J., Gonzalez-Martinez, S. C., and Pannell, J. R. (2012).
Genetic differentiation for size at first reproduction through male versus female
functions in the widespread Mediterranean tree Pinus pinaster. Annals of Botany, 110,
1449 1460. https://doi.org/10.1093/aob/mes210.

Savolainen, O., Pyh&jarvi, T., and Kntirr, T. (2007). Gene flow and local adaptation in
trees. Annual Review of Ecology, Evolution, and Systematics, 38, 595— 619.
https://doi.org/10.1146 /annurev.ecolsys.38.091206.095646.

Scotti, I., Gonzédlez-Martinez, S. C., Budde, K. B., and Lalagiie, H. (2016). Fifty years of
genetic studies: what to make of the large amounts of variation found within

57


https://doi.org/10.1007/s13595-015-0488-3
https://doi.org/10.1111/gcb.13883
https://doi.org/10.1046/j.1365-2486.2002.00516.x
https://doi.org/10.1111/eva.13205
https://doi.org/10.1111/mec.13889
https://doi.org/10.1038/s41467-020-19066-4
https://doi.org/10.5194/gmd-15-5593-2022
https://doi.org/10.1002/evl3.269
https://doi.org/10.1093/aob/mcs210
https://doi.org/10.1146/annurev.ecolsys.38.091206.095646

populations? Annals of Forest Science, 73, 69— 75.
https://doi.org/10.1007 /s13595-015-0471-z.

Stephenson, N. L., van Mantgem, P. J., Bunn, A. G., Bruner, H., Harmon, M. E.,
O’Connell, K. B., Urban, D. L., and Franklin, J. F. (2011). Causes and implications of
the correlation between forest productivity and tree mortality rates. Ecological
Monographs, 81, 527— 555. https://doi.org/10.1890/10-1077.1.

Tapias, R., Climent, J., Pardos, J. A., and Gil, L. (2004). Life histories of Mediterranean
pines. Plant Ecology, 171, 53— 68.
https://doi.org/10.1023/B:VEGE.0000029383.72609.10.

Theraroz, A., Guadano-Peyrot, C., Archambeau, J., Pinosio, S., Bagnoli, F., Piotti, A.,
Avanzi, C., Vendramin, G. G., Alia, R., Grivet, D., Westergren, M., and
Gonzalez-Martinez, S. C. (2024). The genetic consequences of population marginality:
A case study in maritime pine. Diversity and Distributions, 30, €13910.
https://doi.org/10.1111/ddi.13910.

Uecker, H., Otto, S. P., and Hermisson, J. (2014). Evolutionary Rescue in Structured
Populations. The American Naturalist, 183, E17— E35. https://doi.org/10.1086/673914.

Urban, M. C. (2015). Accelerating extinction risk from climate change. Science, 348, 571—
573. https://doi.org/10.1126 /science.aaad984.

Valeriano, C., Gazol, A., Colangelo, M., and Camarero, J. J. (2021). Drought Drives
Growth and Mortality Rates in Three Pine Species under Mediterranean Conditions.
Forests, 12, 1700. https://doi.org/10.3390/£12121700.

Vinas, R. A., Caudullo, G., Oliveira, S., and de Rigo, D. (2016). Pinus pinaster in Europe:
distribution, habitat, usage and threats.

Wiens, J. J. (2016). Climate-Related Local Extinctions Are Already Widespread among
Plant and Animal Species. PLOS Biology, 14, ¢2001104.
https://doi.org/10.1371/journal.pbio.2001104.

Wright, S. (1931). Evolution in Mendelian Populations. Genetics, 16, 97— 159.

Yuan, S., Shi, Y., Zhou, B.-F., Liang, Y.-Y., Chen, X.-Y., An, Q.-Q., Fan, Y.-R., Shen, Z.,
Ingvarsson, P. K., and Wang, B. (2023). Genomic vulnerability to climate change in
Quercus acutissima, a dominant tree species in East Asian deciduous forests. Molecular
FEcology, 32, 1639— 1655. https://doi.org/10.1111/mec.16843.

Zonneveld, B. J. M. (2012). Conifer genome sizes of 172 species, covering 64 of 67 genera,
range from 8 to 72 picogram. Nordic Journal of Botany, 30, 490— 502.
https://doi.org/10.1111/j.1756-1051.2012.01516.x.

58


https://doi.org/10.1007/s13595-015-0471-z
https://doi.org/10.1890/10-1077.1
https://doi.org/10.1023/B:VEGE.0000029383.72609.f0
https://doi.org/10.1111/ddi.13910
https://doi.org/10.1086/673914
https://doi.org/10.1126/science.aaa4984
https://doi.org/10.3390/f12121700
https://doi.org/10.1371/journal.pbio.2001104
https://doi.org/10.1111/mec.16843
https://doi.org/10.1111/j.1756-1051.2012.01516.x

	1.pdf
	mannuscript_fev2026.pdf
	Introduction
	Materials & Methods
	Focal species
	Clonal common garden network (CLONAPIN)
	National forest inventory data
	Climatic data
	Partitioning of the genetic variance
	Identification of SNPs potentially involved in climate adaptation
	Genomic offset predictions
	Validation of genomic offset predictions
	In common gardens
	In natural populations
	Model implementation and evaluation metrics


	Results
	Variability in genomic offset predictions under future climates
	Validation of genomic offset predictions in common gardens
	Mortality models
	Height models

	Validation of genomic offset predictions in natural populations

	Discussion
	High variability in genomic offset predictions
	The role of population genetic structure
	Validation of genomic offset predictions using different data sources
	Risk of maladaptation in maritime pine and limitations

	Conclusion
	Acknowledgments
	Author contributions
	Data and code availability


