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Abstract

Revegetation projects seeking to restore degraded ecosystems face a major challenge in sourcing appropriate plant material, as
identifying plants adapted to future climates requires knowledge of plant performance under novel conditions. In order to support
climate-resilient provenancing efforts, we develop a quantitative trait model that integrates genetic and microenvironmental
variation. We train our model with multiple natural plantings of Arabidopsis thaliana and predict days-to-bolting and fecundity
across the species’ European range. Model prediction accuracy was high for days-to-bolting and moderate for fecundity, with
the majority of trait variation being explained by temperature variation. Concerningly, fecundity was predicted to decline
under future conditions, although this response was heterogeneous across regions, and could be offset through the introduction
of specific genotypes. Our study highlights the value of predictive models to aid seed provenancing and improve the success of

revegetation projects.
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Abstract

Revegetation projects seeking to restore degraded ecosystems face a major challenge in
sourcing appropriate plant material, as identifying plants adapted to future climates requires
knowledge of plant performance under novel conditions. In order to support climate-resilient
provenancing efforts, we develop a quantitative trait model that integrates genetic and
microenvironmental variation. We train our model with multiple natural plantings of Arabidopsis
thaliana and predict days-to-bolting and fecundity across the species’ European range. Model
prediction accuracy was high for days-to-bolting and moderate for fecundity, with the majority of
trait variation being explained by temperature variation. Concerningly, fecundity was predicted
to decline under future conditions, although this response was heterogeneous across regions,
and could be offset through the introduction of specific genotypes. Our study highlights the
value of predictive models to aid seed provenancing and improve the success of revegetation

projects.



32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

Introduction

The anthropic perturbation of natural systems continues to be a major threat to biodiversity, with
the modern extinction rate estimated to be up to 100 times higher than the historical average
(Ceballos et al., 2015). A major driver of this biodiversity decline is land-use changes, which
result in the destruction of ecosystems and loss of natural habitat (Tilman et al., 2017). This
problem is compounded by ongoing climate change, which alters remaining habitats to disrupt
local adaptation and produce maladapted genotypes (‘genomic offset’; Rellstab et al., 2021).
Indeed, the two processes are inextricably linked in a mutually impactful relationship: land-use
changes both cause and occur in response to climate change (Dale, 1997). Today, recognition
of the damage posed by anthropogenic activities has led to growing interest in developing
methods for restoring degraded ecosystems. This is reflected in the rapid growth of ecological
restoration as a field of research (Wortley et al., 2013) and the increasing amount of resources

spent on restoration projects (Prober et al., 2015).

A major component of restoration projects is revegetation, which involves the reintroduction of
native plant species into cleared or disturbed areas (Breed et al.,, 2013) and is essential for
reestablishing complex, self-sufficient ecosystems (Suding et al, 2015). Successful
revegetation hinges on the sourcing of suitable seeds or provenancing (Fedriani et al., 2019)
and was traditionally accomplished by obtaining seeds from nearby populations under the
assumption of local adaptation (Breed et al., 2013). However, the suitability of this approach is
being increasingly challenged because it assumes the long-term persistence of current

environmental conditions (Breed et al., 2013; Broadhurst et al., 2008).

In reality, the rapid pace of contemporary climate change has clear biological consequences for
plants. These include shifting flowering time (DelLeo et al., 2020; Lu et al., 2006; Primack et al.,

2004; Scheepens & Stdcklin, 2013; Sun et al., 2020), altering root and leaf morphology (Gray &
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Brady, 2016; Guerin et al., 2012), and impacting reproductive output (Wheeler et al., 2000; Zhao
et al.,, 2017). Such ftrait responses to climate change (‘climate response’) affect overall plant
fithess and can lead to uncertainty regarding the long-term success of reintroduced species.
Thus, an emerging goal in restoration ecology is to develop strategies for revegetation that
account for climate change (Harris et al., 2006; Prober et al., 2015). This includes developing
methods to identify and source genetic variation that is pre-adapted to future climates (Ramalho
et al., 2017; Supple et al., 2018), such as models predicting climate response under different

scenarios.

Climate-responsive fitness traits are often heritable (Bay et al., 2017) and must, by definition,
respond adequately to climate variation. These two characteristics indicate that predicting
climate response requires accounting for the effects of both genetic and environmental
variation. In this regard, quantitative genetics provides a powerful framework for integrating the
two sources of variation determining trait values (Daetwyler et al., 2013). Quantitative genetics
models can be parameterised with molecular markers to predict traits determined by a few
genes (Fournier-Level et al., 2016; Hancock et al., 2011; Seymour et al., 2016; J. Zhang et al.,
2016) or with genetic similarity matrices and pedigrees when the genetic architecture is
polygenic (Eu-ahsunthornwattana et al., 2014; Gao et al., 2018). Moreover, despite their origin
in animal breeding (Wilson et al., 2010) recent developments in quantitative genetics have
focused on incorporating environmental variation and genotype-by-environment interactions
(GxE) into genomic prediction models (Millet et al., 2019; Montesinos-Lopez et al., 2018;

Ramstein et al., 2016; Windhausen et al., 2012).

In this study, we designed a quantitative genetics model to predict quantitative traits in
Arabidopsis thaliana, a highly diverse annual plant found in Europe, Asia, Africa, and North
America (Durvasula et al., 2017; Koornneef & Meinke, 2010). Through the development of a

model based on experimental field data, we sought to answer two main questions. Firstly, how
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should genetic information be incorporated into predictive models? In plants, common garden
experiments have identified moderate- and large-effect quantitative trait loci (QTL) associated
with key traits like life history and fithess (Brachi et al., 2010; Gnan et al., 2014; Salomé et al.,
2011), which initially suggests a marker-based approach may be suitable. However, QTL may
differ across environments (Brachi et al., 2010; Fournier-Level et al., 2011; Linde et al., 2006)
due to genotype-by-environment interactions (El-Soda et al., 2014; Sasaki et al., 2015). Across
multiple environments, differences in the genomic regions associated with trait variation may
lead to a functionally polygenic genetic architecture. If so, we hypothesize that genetic
information will be better incorporated via similarity measures than as individual molecular
marker effects. Secondly, how should environmental variation be incorporated? Quantitative
genetics models are typically environmentally implicit and only consider environmental variation
categorically (Montesinos-Lépez et al., 2018; Ramstein et al., 2016; Windhausen et al., 2012).
This limits their transferability to the novel conditions relevant for predictive applications. In
contrast, a model that allows for continuous environmental variation either through explicit
climate predictors or environmental similarity matrices (sensu Millet et al., 2019) should be more

transferable.

We demonstrate the relevance of our model for ecological restoration by using it to i) predict the
spatiotemporal pattern of climate response across A. thaliana European range and ii) predict the
climate response of known genotypes to various environmental conditions. In doing so, we
address two goals that are likely to be relevant for restoration ecology. Firstly, we identified
regions of high genomic offset where local plants are predicted to become maladapted in the
future and highlighted areas where local provenancing would have been a less suitable strategy
for revegetation. Secondly, we identified specific genotypes that could be used in revegetation

and demonstrate the value of model predictions for seed sourcing.
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Materials and Methods

Study Data Set

Two hundred and twenty two genotypes of A. thaliana were planted in 4 European field sites
scattered over 3 seasons in 2006 and 2007 for a total of 7 plantings (Table S1, Appendix S1),
as described in Wilczek et al. (2009, 2014). Across the 7 plantings, 5623 plants were
phenotyped for a phenological trait (days-to-bolting, DTB) which marks the transition from
vegetative to reproductive phase (Pouteau & Albertini, 2009) and a fitness trait (seed proxy, SP;
number of siliques per plant x average length of 5 representative siliques from the plant in mm).
All genotypes were present in more than one planting, although no planting contained all

genotypes.

The time to bolting is regulated by environmental and genetic factors (Amasino, 2010;
Koornneef et al., 1998; Sasaki et al., 2015) and influences reproductive success (Korves et al.,
2007), making it a highly relevant climate response trait to model. SP measures reproductive
output and was weakly correlated with DTB (Pearson’s p= 0.058), justifying the construction of

separate models for each trait.

Genetic Variation

Alleles for 10,709,466 biallelic Single Nucleotide Polymorphisms (SNPs) scored across 2029
Arabidopsis genotypes were retrieved from publicly available data (Arouisse et al., 2020). The

genotypes used are inbred lines made homozygous through selfing and single-seed descent, so
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allelic states can be coded 0 (homozygous for the reference allele) or 1 (homozygous for the
alternative allele) with no heterozygotes. We filtered SNP data to remove SNPs with missing call
rate > 0.05 and rare variants with minor allele frequency lower than 0.01. SNPs were then
pruned using a window size of 500kb, a variant step count of 100 and a pairwise linkage
threshold r* = 0.1, retaining 86,760 SNPs. All filtering and pruning were conducted in PLINK

v190b6.10 (Purcell et al., 2007).

Pruned SNPs were used to compute a genetic similarity matrix (GSM; Speed & Balding, 2015).
The GSM is a square matrix with entries that measure pairwise similarity between individual
genotypes. We compared several methods of constructing GSMs but found they did not affect
model performance and that a GSM rendered individual markers redundant as predictors
(Appendix S2). Since using a precomputed GSM is more computationally practical than
including numerous SNPs for each model run, we decided to only quantify genetic variation
through an identity-by-state GSM. Identity-by-state was preferred because it can be computed

for any pair of individuals, including novel ones.

Microclimatic Variation

For each planting, microclimatic conditions were characterized based on the local temperature
profile. Temperature is known to be an important environmental cue regulating Arabidopsis
development (Granier et al., 2002; Springate & Kover, 2014) and warming is a primary
consequence of climate change. On-site ground temperature was initially modelled at hourly
resolution for 203 days following field transplantation using daily minimum and maximum
temperature (the maximum number of days of data available for all plantings; temperature
modeling as described in Wilczek et al., 2010), providing a high-resolution description of

temperature conditions. However, lowering the resolution to daily minimum and maximum
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temperature yielded equally accurate trait predictions (Appendix S3). We adopted this resolution
in our model because this is the typical resolution available for historical records and future
projections (Cornes et al., 2018; Gent et al., 2011; Thornton et al., 2016). We used all 203 days

of data to describe environmental variation, resulting in 406 (203 x 2) microclimatic predictors.

Model Description

Genetic and environmental information were combined to construct trait models using a
penalized linear-mixed model framework with a LASSO-type penalisation (Tibshirani, 1996) as
implemented in the LMM-Lasso package (Rakitsch et al.,, 2013). Regularization through
LASSO-type penalization prevents potential overfitting caused by the large number of
predictors. This linear-mixed model takes the form y = ZXB + u + ¢, where y is a vector of
individual trait values, X is a matrix of daily minimum and maximum temperature with
corresponding fixed effects B (fixed effect), u is the random effect of the genetic similarity
between pairs of individuals, and ¢ is the vector of residuals, the total number of plants. u is
unobserved but assumed to be normally distributed with u ~N(0 ,0,°K), where K is the
empirically computed GSM and o4® is the variance explained by the genetic similarity. The
residual vector ¢ is also normally distributed € ~N(0, o¢’l), where | is the identity matrix and o¢?

is the residual variance.

The initial model considered genetic and environmental variation additively and independently
(‘G+E model’), such that predicted reaction norms across environments were identical for all
genotypes. In order to account for the non-linear influence of GXE on climate response, we
computed ADMIXTURE proportions (Alexander & Lange, 2011) for each plant using k = 4

ancestral populations, which was found to be optimal (Appendix S4). ADMIXTURE proportions
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were used to generate additional predictors Xapmxrure. FOr n genotypes and r microclimatic
variables, Xaomxrure is the column-wise Khatri-Rao product Xaomixrure = (FT ® R')', where F is
the n x k matrix of ADMIXTURE proportions and R is the n x r matrix of microclimatic predictors.
This produces an n x kr matrix of additional predictors whose values are unique for each
genotype-environment combination. These predictors were included alongside the minimum
and maximum daily temperature (i.e. R) in the design matrix X’ to create the ‘GxE model’ which

takes the form y = 2X’6; + u + €.

Assessing Model Performance

Internal Validation

Model performance was assessed through a random 10-fold cross validation (‘internal
validation’) with 9 folds of the data used to train the model and the 10" fold used to test it. This
was repeated 10 times, with each fold acting as the testing set once. Overall model
performance was quantified using the root mean square error (RMSE) as a measure of error
and the coefficient of determination between observed and predicted values (r?) as a measure

of accuracy.

External Validation

External validation followed an ‘environmental blocking’ validation strategy (Roberts et al., 2017)
designed to assess out-of-sample prediction accuracy. This involved training models on six
plantings and testing on the seventh to mimic validation on independent data. Results of

environmental blocking were also used to determine the effect of different training set
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compositions on model performance.

Finally, we performed an empirical external validation using data from an independent
experiment. Korves and colleagues (2007) performed a planting of A. thaliana in Rhode Island,
USA in Spring 2003 (RS) for which median DTB was reported. RS is geographically (North
America vs. Europe) and temporally (2003 vs. 2006-2007) distant from the plantings in our data
set, making it a novel environment. We predicted DTB in RS for 77 genotypes using a model
trained on 100% of our data and 2 meter air temperature records sourced from DAYMET

(Thornton et al., 2016).

Model Application

The validated model was used to predict broadscale patterns of climate response in A. thaliana.
This requires inferring the spatial distribution of genetic variation and germination timing on a
continental scale. Both components are crucial because they dictate the distribution of plant

genotypes and the microclimate they experience, respectively.

Inferring the spatial distribution of Genetic Variation and
Germination Date

We inferred the distribution of A. thaliana genetic variation using kriging (Oliver & Webster,
1990), a method of interpolation used in geostatistics for spatially autocorrelated data (Appendix
S5). Kriging was considered suitable because spatial autocorrelation in A. thaliana’s genetic
variation was observed in our dataset (average Moran’s /=0.146, P=0) and is consistent with

isolation by distance previously reported in the species (Platt et al., 2010; Sharbel et al., 2000).
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11

We produced a kriged genetic landscape at 1°x1° resolution across Europe by kriging each
column of the GSM using the autoKrige function from the automap package (Hiemstra, 2013) in

R.

Across its European range, A. thaliana germinates at different times of the year (Donohue,
2002). In order to determine the most likely growing season of different sites, we used data from
(Exposito-Alonso, 2020) which identified k=4 germination strategies defining coherent climate
regions. We smoothed boundaries by replacing the value of outlier cells (those assigned to a
different cluster from all its neighbors) with the most common value in the 8 neighboring cells.
The four regions (Central Europe CEUR, South Mediterranean SMER, North Mediterranean
NMER, Scandinavia SCAN) corresponded to three germination seasons (spring, summer, fall).
We assumed all plants germinated on a single date for each season. These dates were
February 27 for spring, 25 May for summer, and 3 October for fall and were chosen based on

the transplant dates of our plantings.

Projected Climate Response

We first predicted climate responses across Europe to identify sites that are susceptible to
future decline under the RCP2.6 and RCP8.5 climate change scenarios (van Vuuren et al.,
2011), with RCP8.5 being a worse scenario. We obtained daily minimum/maximum temperature
projections for RCP2.6 from CCSM4 ensemble r1i1p1 (Gent et al., 2011) and for RCP8.5 from
CMCC-CM ensemble r1i1p1 (Scoccimarro et al., 2011). Temperature rasters were resampled to
1°x1° to match the resolution of the kriged genetic landscape using the Rlraster package

(Hijmans et al., 2020).

We predicted DTB and SP from 2041 to 2099 using the RCP projections and in 2006 using

temperature records from E-OBS v19.0eHOM (Cornes et al., 2018). We assumed a single
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genotype present in each cell (inferred through kriging) and identical germination dates across
years. Since bolting occurs before seed production and showed clear boundaries in our data,
we restricted predictions of SP to sites where predicted DTB fell within the observed range of 16
to 246 days. We set negative values of SP to zero and converted SP to relative fecundity by
dividing by the maximum predicted SP in 2006. This restricted predictions to sites where the
model could predict biologically plausible values for both traits and highlighted regions where

environmental conditions may fall outside the model capabilities.

Finally, we emulate revegetation attempts by using our model to predict the performance of
specific genotypes across Europe under climate change. This allowed us to determine whether
known genotypes could be used as a source of “climate-proof’ genetic variation at sites where
the fitness of local populations was predicted to decline. As a proof-of-concept, we focused on
predicting the relative fecundity of the Eden-2 and LI-2 genotypes in 2006 and 2099 under
RCP8.5. Eden-2 is a Swedish genotype that must be exposed to prolonged chill before
flowering (‘vernalization’, https://www.arabidopsis.org), while LI-2 originates from Spain and
shows a low expression of the key flowering repressor FLC (Rosloski et al., 2013); the two
genotypes were predicted to be the latest- and earliest-bolting of the 2029 genotypes,

respectively.
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Results

Internal Validation

Model performance was best when including both genetic and environmental variation, and DTB
was overall better-predicted than SP (Table 1). For both traits, the G only model predicted a
single value for each genotype while the E only model predicted a single value for each
planting. Regressing predictions from the G only and E only models against the G+E model
showed variation in daily minimum/maximum temperature explained more multi-environmental
trait variation than genetic differences between individuals (G+E ~ E only: r* = 0.940 for DTB, r?
= 0.893 for SP. G+E ~ G only: # = 0.247 for DTB, r? = 0.087 for SP). This was particularly
pronounced for SP, where the G only model had a very low r* = 0.019. Accounting for GxE

marginally improved model fit for both traits.

Table 1. Summary of model performance

Model RMSE r
G only
DTB 54.109 0.220
SN 11446.880 0.019
E only
DTB 36.772 0.825
SN 9618.651 0.391
G+E
DTB 20.359 0.889
SN 8755.630 0.425
GxE
DTB 19.074 0.903
SN 8591.514 0.449
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288 Environmental blocking produced less accurate predictions than those obtained through internal
289 validation (Fig. 1). For DTB, model performance varied greatly depending on which planting was
290 excluded and on the inclusion of GXE. For the G+E model, VF and HF had the lowest RMSE
291 (RMSE = 27.928 days and RMSE = 30.648 days respectively), while r? was highest for NSP (r?
292 = 0.497) and NF (r* = 0.521). DTB was overpredicted in NSU% and underpredicted in OF.
293 Including GxE improved predictions for the two summer plantings NSU (RMSE from 46.783 to
294 10.462 days) and NSUY (RMSE from 46.521 to 13.533 days), but offered no improvements in
295 NF and OF. For HF and NSP, DTB was overpredicted such that RMSE increased despite a
296 higher r’. For the independent external validation in RS, the G+E model had a higher RMSE but
297 higher  (RMSE = 35.574 days, r* = 0.433) than the GXE model (RMSE = 18.790 days, r* =
298 0.097).
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Figure 1: External validation using environmental blocking for days-to-bolting. For all plantings
except RS, models were trained on data from six plantings (excluding RS) and validation
performed on the seventh planting. For RS, the model was trained on 100% of the data from
seven plantings and compared against the median DTB as reported by Korves and colleagues
(2007). HF = Halle, Fall 2006. NF = Norwich, Fall 2006. NSP = Norwich, Spring 2007. NSU06
= Norwich, Summer 2006. NSUO7 = Norwich, Summer 2007. OF = Oulu, Fall 2007. VF =
Valencia, Fall 2006.

Unlike DTB, environmental blocking results for SP did not differ between the two models (Fig.
2). Prediction accuracy was generally poor, with low r? for all seven plantings. Interestingly,

RMSE was weakly positively correlated with r? (Pearson’s p = 0.048). Models were either
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Figure 2: Environmental blocking and external validation results for seed proxy. For all
plantings, models were trained on data from six plantings and validation performed on the
seventh planting. HF = Halle, Fall 2006. NF = Norwich, Fall 2006. NSP = Norwich, Spring
2007. NSU06 = Norwich, Summer 2006. NSUO7 = Norwich, Summer 2007. OF = Oulu, Fall
2007. VF = Valencia, Fall 2006.

predicting SP closer to the observed value or better at ranking different genotypes, but not both.
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Figure 3: Predicted change in mean days-to-bolting and relative fecundity from 2040 to 2099
for two climate change scenarios. For each region, predictions were created using an
ADMIXTURE-based model with k = 4 trained on 100% of the data. At a given location,
predicted seed proxy (SP) was set to NA if predicted days-to-bolting fell outside the observed
range of 16-246 days and negative values of predicted SP were set to 0. The dashed line
indicates the predicted mean of each trait in 2006. Relative fecundity is SP divided by the
highest predicted SP in 2006.

The predicted climate response fluctuated annually (Fig. 3) due to the variability of temperature
projections, although projected conditions all trended towards warming (Fig. S3, Appendix S6).
Earlier bolting was predicted in CEUR (both cohorts) and SMER, contrasting with the delay in
bolting predicted for the fall cohorts in SCAN and NMER. Interestingly, the magnitude of this
delay is lower under RCP8.5 than RCP2.6 in SCAN (mean change in DTB for 2090-2099 under
RCP8.5 ADTBrcrss = +8 days, under RCP2.6 ADTBrcr2s = +18 days), whereas the opposite

was predicted for NMER (ADTBrcps.s = +3 days, ADTBrcr26 = +1 day).
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As for DTB, the predicted change in relative fecundity differed between fall and non-fall cohorts,
although this should be interpreted cautiously because SP was much more poorly predicted.
Spring and summer cohorts (CEUR, SMER) were predicted to decline in fecundity under both
climate change scenario, whereas the mean change in relative fecundity in 2090-2099 is small
and near-zero for fall cohorts in SCAN (ARFgrcpss = +0.068, ARFrcp26 = -0.040) and NMER
(ARFrcpss = +0.039, ARFrcr26 = -0.067). Interestingly for SCAN and NMER, fecundity was

predicted to increase under the more severe RCP8.5 and decrease under the milder RCP2.6.

We next compared the predicted change in days-to-bolting and relative fecundity for different
landscapes of A. thaliana genetic variation but strictly comparing 2006 and 2099. Predicted
change in days-to-bolting is described in Appendix S7. Here, we focus on predicted change in
relative fecundity despite the lower prediction accuracy of SP because its consequence on plant
fitness is straightforward to interpret. Under the baseline scenario using the kriged genetic
landscape, which assumes the current distribution of genetic variation remains constant, we
predicted a decrease in fecundity throughout most of A. thaliana’s European range (Figure 4a).
Interestingly, the predicted change in fecundity for CEUR differed between the two seasonal
cohorts: we predicted increased spring fecundity and decreased summer fecundity in western

CEUR, but the opposite in eastern CEUR (Fig. 4a inset).

Finally, we considered a hypothetical revegetation scenario where Eden-2 and LI-2 were
introduced throughout Europe. Despite identical environmental conditions, the fecundity
response differed dramatically between genotypes (Fig. 4b-c). Eden-2 had higher predicted
fecundity than local genotypes in CEUR and SMER - regions where fall germination is expected
— but otherwise had lower fecundity than local genotypes. In contrast, LI-2 had higher predicted
fecundity than local genotypes throughout most of Europe regardless of the germination

season, but was still less fecund than Eden-2 in CEUR and SMER (Fig. 4d).



344

345

19

LI-2

7 2

Spring Summer

; bolks

|"'lI |{} -1
ARF [E— ——

= CEUR; Spring/Summer = NMER; Fall = SMER; Spring = SCAN; Fall

Figure 4: Maps of predicted difference in relative fecundity (ARF) across Europe. a) Predicted ARF in
2099 under RCP8.5 relative to 2006 for the kriged genetic landscape. In CEUR, the predicted ARF is
the mean across the spring and summer cohorts. Inset: predicted ARF for the spring and summer
cohort in CEUR. b) Predicted ARF across Europe in 2099 and RCP8.5 between Eden-2 and the
kriged genetic landscape. c) Predicted ARF between LI-2 and the kriged genetic landscape. d) ARF
between Eden-2 and LI-2. Cells are colored gray if predicted DTB falls outside the observed range of
16-246 days. Borders indicate the different germination strategy regions. CEUR = Central Europe.
NMER = North Mediterranean. SMER = South Mediterranean. SCAN = Scandinavia.
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Discussion

The interaction between genotype and the environment greatly differed across regions and was
shown to be important for predicting plant response to climate change. This can be modelled by
including microclimatic predictors in a quantitative trait model, which improves prediction
accuracy and allows forecasting the response for different genetic and climate scenarios. For
the different scenarios tested in European A. thaliana, we predicted heterogeneous climate
response depending on both the distribution of genetic variation and spatiotemporal pattern of
temperature variation. Our predictions highlighted the complexity of the response to climate
change and the breakdown of local adaptation over time that should be accounted for when

envisioning ecological restoration.

Including genetic and environmental variation

improves model performance

The inclusion of microclimatic predictors improved model performance relative to genotype-only
models for both traits. Genetic variation alone explained only a small proportion of phenotypic
variation and could be captured in a GSM. This supports our hypothesis that GxE alters the
genetic architecture of traits across environments and renders individual markers uninformative
(Brachi et al., 2010; El-Soda et al., 2014; Fournier-Level et al., 2011; Linde et al., 2006). The
method used to compute pairwise genetic similarity did not affect model performance (Table S2
& S3, Appendix S2), suggesting they produced functionally identical descriptions of genetic

similarity. Eu-ahsunthornwattana and colleagues (2014) also reported high correlation between
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different genetic similarity estimates in humans, suggesting that our framework is likely to be

broadly applicable.

Phenotypic variation was mainly explained by temperature differences between the plantings.
This was expected: climate-responsive traits are by definition affected by environmental
conditions, and the influence of temperature on plant phenotypes is well-established (Anderson
et al., 2012; Arft et al., 1999; Foden et al., 2007; Schwartz & Hanes, 2010; Sun et al., 2020;
Zhao et al., 2017). Our approach distinguishes itself by using microclimatic time series data
instead of low-resolution environmental predictors such as the Bioclim variables (Fick &
Hijmans, 2017). This functional approach defines conditions as experienced by plants
throughout their growing period, rather than through summary climate variables that condense
years of weather data into a single statistic. This is necessary because A. thaliana plants can
occupy the same geographical site but experience very different environments due to variation
in germination time (Donohue et al., 2005). Predictors based on monthly, quarterly, or yearly
averages cannot account for the multiple seasonal cohorts germinating in a single location.
Moreover, long-term averages cannot account for the effects of climate change on temperature
variability (Bathiany et al., 2018; Schar et al., 2004; Screen, 2014) and the distinct responses of
plants to changes in mean temperature and temperature variability (Burghardt et al., 2016;
Scheepens et al.,, 2018; Wheeler et al., 2000). Experimental studies have typically used a
consistent increase in temperature to simulate climate change (Fournier-Level et al., 2016; Li et
al., 2014; E. S. Post et al., 2008; Sherry et al., 2007; Springate & Kover, 2014) while maintaining
current patterns of variability (Springate & Kover, 2014), but this may not reflect actual patterns
of climate change. In comparison, our model considers both the daily range of temperature and
temperature variation between days. This may allow predictions to better match trait values of
natural populations, which is particularly relevant for restoration projects that will introduce
plants to uncontrolled conditions. A tradeoff in our model is the multicollinearity of predictors,

which results in non-independent effect sizes that do not lend themselves to biological
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interpretation. However, this is less relevant to our primary aim of predicting plant performance

for multiple genotypes to identify those suitable for revegetation.

Environmental variation was also an important determinant of model performance in external
validation, with predictions being more accurate when the training set contained data from an
environment similar to the testing set. For example, VF was well-predicted because the training
set contained data from HF and NF. In contrast, DTB in OF was consistently underpredicted
because it was unique as Scandinavian and non-Scandinavian falls are functionally distinct
environments. A. thaliana growing in Scandinavia are reported to be obligate winter cyclers that
overwinter under snow cover and flower only in spring (Exposito-Alonso, 2020), whereas those
growing further south are facultative winter cyclers that can finish their life cycle before snowfall
(Li et al., 2014). Consequently, a model fitted only to data from early-bolting fall cohorts (VF, HF,
NF) cannot improve prediction accuracy in OF, where conditions are expected to delay bolting
until spring. For the purposes of seed sourcing and revegetation, our findings suggest
environmentally diverse data is crucial to maximizing confidence in model predictions. Despite
being resource-intensive, the required data may already exist for tree species where

provenance testing has been carried out for centuries (Matyas, 1996).

Although our study was performed in the well-characterized model species A. thaliana, we only
used generic, easy-to-obtain data and avoided A. thaliana-specific biological assumptions to
ensure our framework is transferable to non-model species. We computed GSMs using
genomic SNPs selected without prior knowledge of their association with DTB or SP and
defined environmental conditions using only temperature. In theory, additional predictors known
to be biologically relevant could have been included like herbivory, soil nutrient level, and soil
microbial composition (Fitzpatrick et al., 2019; Krannitz et al., 1991; Sills & Nienhuis, 1995;
Weinig et al., 2003). In practice, doing so would decrease model transferability — the information

required to generate predictions in novel conditions becoming harder to obtain as the predictors
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become more specific and greater ecophysiological knowledge of the target species is required.

Predicted climate response and potential applications

We predict temporally and spatially heterogeneous responses to climate change in the coming
decades. Despite high interannual variability, the general trends were consistent with previous
findings (Cook et al., 2012; Daele et al., 2012; E. Post et al., 2018; Wu et al., 2017; Yu et al.,
2010; X. Zhang et al., 2007). In Scandinavia, the predicted delay in DTB likely reflects the
disruptive effect of winter warming on vernalization (Cook et al., 2012; Wu et al., 2017; X. Zhang
et al.,, 2007). Delayed flowering would increase the period of vegetative growth, causing a
downstream increase in reproductive output (Choe et al., 2001; Daele et al., 2012; Tienderen et
al., 1996). Conversely, earlier bolting predicted for spring and summer cohorts in Central
Europe and South Mediterranean were consistent with expectations from thermal time models
of accelerated development at higher temperatures (Chew et al., 2012; Wilczek et al., 2009).
The corresponding decline in fecundity may reflect a shortened period of growth and decreased
flower production (Scheepens & Stdcklin, 2013), although this is unclear because accelerated

development has also been suggested to increase reproductive output (Cook et al., 2012).

While we could not infer the biological causes underlying our predictions, they clearly show a
breakdown of current local adaptation and increase in genetic offset caused by climate change.
For the majority of Europe, our predictions suggest local provenancing is less effective in the
long-term since fecundity is predicted to decline by 2099. Indeed, we identified a source of
genetic variation that could help establish climate-resilient populations of A. thaliana from an
unexpected origin: Spain. The Spanish genotype LI-2 had higher predicted fecundity than local
genotypes throughout most of Europe regardless of growing season, and was potentially
suitable for boosting climate resilience in locations as disparate as the Balkans, Finland, and

Northwestern Russia. Importantly, our findings are supported by empirical reports that southern
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genotypes outperformed local genotypes across Europe (Wilczek et al., 2014) and clearly

demonstrates the value of moving beyond local provenancing as a strategy for sourcing seeds.

Even so, our findings should not be taken as an absolute sign of future maladaptation. In this
study, we assumed the germination date remained constant between years. In reality,
germination timing is another climate-responsive trait that relies on environmental cues (Finch-
Savage & Leubner-Metzger, 2006) and would likely vary between years. Germination timing
strongly affect fitness, as seen in Central Europe where predictions were seasonally and
geographically differentiated (Figure 4a). This suggests the potential for A. thaliana to shift
germination time in response to climate change, a phenomenon that has been observed in
alpine species (Mondoni et al., 2012). If this seasonal shift occurs, A. thaliana has the potential

to avoid maladaptation and persist in the face of climate change.

Conclusion

Plant response to climate change in the field is complex and can run contrary to empirical
expectations (Parmesan & Hanley, 2015). This complexity has made predicting ‘real world’
patterns of climate response challenging and is a significant barrier to successful, climate-
resilient revegetation. Our work addresses this gap by presenting a straightforward way of
incorporating genetic variation, environmental variation, and their interaction into a predictive
model. Using A. thaliana as an example, we demonstrate the capacity for the model to
accurately predict non-linear responses to climate change and its potential use in seed
provenancing by determining plant performance over time and space. Although the model was
developed using a well-characterized species, our framework shows potential for use in non-

model species due to its simple data requirements and minimal biological assumptions.
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