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Abstract

Microevolutionary processes shape adaptive responses to heterogeneous environments, where these effects vary both among and
within species. However, the degree to which signatures of adaptation to environmental drivers can be detected based on spatial
scale and genomic marker remains largely unknown. We studied signatures of local adaptation across different spatial extents,
investigating complementary types of genomic variants—single nucleotide polymorphisms (SNPs) and polymorphic transposable
elements (TEs)—in populations of the alpine model plant species Arabis alpina. We coupled high-resolution (0.5m) environmental
factors, derived from remote sensing digital elevation models, with whole-genome sequenced data of 304 individuals across four
populations. We demonstrate that responses of A. alpina to similar amounts of abiotic variation are largely governed by local
evolutionary processes and find minimally overlapping signatures of local adaptation between SNPs and polymorphic TEs.
Notably, functional annotations of high-impact genomic variants revealed several defence-related genes associated with the
abiotic factors studied, which could indicate indirect selective pressure of biotic agents. Our results highlight the importance
of considering different spatial extents and types of genomic polymorphisms when searching for signatures of adaptation to
environmental variation. Such insights provide key information on microevolutionary processes and could guide management

decisions to mitigate negative impacts of climate change on alpine plant populations.
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Abstract

Microevolutionary processes shape adaptive responses to heterogeneous
environments, where these effects vary both among and within species. However, it
remains largely unknown to which degree signatures of adaptation to environmental
drivers can be detected based on the choice of spatial scale and genomic marker. We
studied signatures of local adaptation across different levels of spatial extents,
investigating complementary types of genomic variants—single nucleotide
polymorphisms (SNPs) and polymorphic transposable elements (TEs)—in populations
of the alpine model plant species Arabis alpina. We coupled environmental factors,
derived from remote sensing digital elevation models at very high resolution (0.5m),
with whole-genome sequencing data of 304 individuals across four populations. We
demonstrate that responses of A. alpina to similar amounts of abiotic variation are
largely governed by local evolutionary processes, and we find minimally overlapping
signatures of local adaptation between SNPs and polymorphic TEs. Notably,
functional annotations of high-impact genomic variants revealed several defence-
related genes associated with the abiotic factors studied, which could indicate
indirect selective pressure of biotic agents. Our results highlight the importance of
considering different spatial extents and types of genomic polymorphisms when
searching for signatures of adaptation to environmental variation. Such insights
provide key information on microevolutionary processes and could guide
management decisions to mitigate negative impacts of climate change on alpine plant

populations.

Key words: Arabis alpina, genomic variation, genotype—environment associations,

high-resolution environmental variation, local adaptation, remote sensing
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Introduction

Local adaptation enables populations to evolve traits that confer a fitness advantage
in their respective habitats (Kawecki & Ebert, 2004). Genomic variation may reveal
signatures of such adaptive processes, but identifying the underlying environmental
drivers and relevant spatial scale remains challenging (Savolainen et al., 2013). To
improve our understanding of traits under selection and their underlying functional
processes, one may decipher the imprints of local adaptation based on whole-
genome patterns of variation. However, to our knowledge, fine-grained sampling of
individuals and environmental data, at a resolution matching genomic variation, has
never been used to assess environmental drivers of adaptation.

Studies investigating local adaptation often cover broad spatial extents
(commonly referred to as scales), involving continent-wide sampling for example
(Gougherty et al., 2021; Pais et al., 2017; Yeaman et al., 2016), but see (de
Villemereuil et al., 2018; Eckert et al., 2015; Fischer et al., 2013). However, adaptation
can be truly local (Rellstab et al., 2017), particularly in highly heterogeneous alpine
landscapes where environmental conditions vary over short distances (Rellstab et al.,
2020).

In their local study on the alpine Brassicaceae Biscutella laevigata, Leempoel
et al. (2018) highlight the importance of considering the ratio between grain (spatial
resolution) and extent of a study area to assess signatures of adaptation, which
should match the spatial context at which selection operates (Dauphin et al., 2023).
In rugged alpine terrain, an organism’s habitat can be adequately described using
ecological data derived from digital elevation models (DEM; Kozak et al., 2008), which
correlate significantly with climatic factors measured using ground-based sensors
(Leempoel et al., 2015)(Pradervand et al., 2014). Such topography-derived
environmental descriptors provide continuous information across habitats, reflecting
long-term patterns of local site conditions, as compared to point-based
measurements acquired on-site or interpolated from local weather stations, which
provide short-term and often patchy environmental information.

Whole-genome studies of adaptation in natural plant populations mostly

remain restricted to model organisms like Arabidopsis thaliana (Exposito-Alonso et
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al., 2018; Fournier-Level et al., 2011; Hancock et al., 2011) or crop wild relatives (e.g.,
Yoder et al., 2014). Additionally, they are often based on pooled sequencing (Fischer
et al., 2013; Rellstab et al., 2020; Turner et al., 2010), or only consider a few
individuals that do not necessarily represent the local populations (Laenen et al.,
2018). Moreover, structural variants, often involved in adaptation beyond what can
be captured by commonly analysed single-nucleotide polymorphisms (SNPs), have
been largely ignored in these studies. Transposable elements (TEs), for example,
represent a major fraction of many plant genomes (Bennetzen & Wang, 2014;
Quesneville, 2020) and are known to induce adaptive responses to abiotic stress
(Baduel et al., 2021; Kalendar et al., 2000), yet have remained largely overlooked in
studies of local adaptation. Indeed, biallelic SNPs and TEs are expected to have
complementary effects on the adaptive responses of plants to local conditions. For
example, polymorphic TEs are known to affect recombination along chromosomes,
such that they may promote entire blocks of linked loci to reveal signatures of
selection along chromosomes (Choudhury et al., 2019), while genomic variation in
non-synonymous SNPs may induce rather subtle changes in the respective proteins.
Therefore, it is expected that these marker types identify few common, but rather
complementary signals of local adaptation.

It is commonly assumed that similar environmental contrasts across sites
leave consistent signatures of selection in plants with a common genomic background
(Booker et al., 2021; Lotterhos & Whitlock, 2015) (Rellstab et al., 2020). However, for
populations with limited gene flow, particularly in species with mixed mating systems
or selfing, one may expect population-specific adaptive responses with limited
convergence (Rellstab et al., 2017; 2020).

Arabis alpina (Brassicaceae) has recently emerged as a model species for
ecological genomics (Wotzel et al., 2022). Studies have provided empirical evidence
of how local adaptation acts on the species’ genome (Laenen et al., 2018; Lobréaux &
Miquel, 2020; e.g., Poncet et al., 2010), with notable effects on phenotypes (Chopra
et al., 2019; de Villemereuil et al., 2018; Vayssiéres et al., 2020; Wang et al., 2009). As
detailed in (Wotzel et al., 2022), several field studies, including reciprocal transplant
experiments, substantiate the potential of A. alpina to adapt on small spatial scales,

e.g., in response to elevational differences (Buckley et al., 2019; de Villemereuil et al.,
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2018; Wingler et al., 2015). Due to this species’ responsiveness to environmental
conditions, and the availability of a high-quality reference genome, it is an intriguing
organism to further investigate whether signatures of selection to fine-scale
environmental drivers are found across the whole genome.

Here, we re-sequenced 304 individuals of A. alpina, sampled in local
populations with a common history, using a spatially explicit, hierarchical design
(individuals in plots nested within four local populations, Figures 1 and 2). We
computed the environmental factors at a very high resolution (0.5 m) to describe the
local habitat for each individual. Through associations with genomic variation, we
inferred drivers of local adaptation (i) at the regional level, i.e., among the four local
populations, and (ii) at the local level, i.e., among plots within each local population.
In parallel, we performed outlier detection analyses to identify possible genomic
signatures of local adaptation irrespective of underlying environmental drivers. We
focused on whether signals of adaptation between regional and local spatial extents,
as well as between types of genomic markers (SNPs vs. TEs), show common or
different patterns and functions, and to what degree patterns of local adaptation are

driven by particular environmental factors at different spatial extents.

Materials and Methods

Study species and sampling

Arabis alpina L. has a broad ecological niche covering a large altitudinal and
latitudinal range, making it suitable for investigating adaptation to variation across
heterogeneous environments (Wotzel et al., 2022). This perennial Brassicaceae is
found throughout the Northern Hemisphere, predominantly on calcareous bedrock.
In the European Alps, A. alpina is found across an elevation range of 400 m to 3200 m
a.s.l. This species reproduces sexually, predominantly via selfing (Ansell et al., 2008;
Buehler et al,, 2012; Laenen et al., 2018; Tedder et al., 2011), though outcrossing
populations can be found in parts of its range (e.g., Ansell et al., 2008; Tedder et al.,
2011). SNP-based estimates of individual inbreeding coefficients (F), as well as

positive Fis values for both SNPs and polymorphic TEs, suggest substantial inbreeding
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in the studied populations, likely due to extensive selfing (Choudhury et al., 2019;
Rogivue et al., 2019b).

We sampled four local populations of A. alpina from the western Swiss Alps in
summer 2014 (Figure 1 and 2), from temperate alpine climates with generally
abundant rain and snowfall (Drake et al., 2006). Individuals were sampled
predominantly from calcareous bedrock in the alpine vegetation zone above 2000 m
a.s.l. in the regions Para (N = 69), Pierredar (N = 69), Essets (N = 70) and Martinets
(N =96) (Table S1; see also Rogivue et al., 2019b). The four studied populations are
considered descendants from the same refugial population and share a similar
genomic background (Rogivue et al., 2018). Each population is situated within a
different catchment valley (Figure 1a), presumably preventing regular gene flow
between these populations. However, mating within each population can occur over
large distances, as insects may transport pollen up to 1 km (Buehler et al., 2012) and
their small, light seeds can be disseminated by wind. Within each population, we
selected ten plots from contrasting habitat types to encompass large ecological
gradients, within which we sampled the leaves of six to ten plants at least 1 m apart
to avoid sampling families (Figure 1 and Table S1). We stored the samples in silica gel
and extracted DNA as described elsewhere (Rogivue et al., 2019b). The precise
geographic coordinates of each individual (+ 2 cm) were obtained with a differential
global positioning system (DGPS) receiver, using information provided by Real Time

Kinematik (RTK) Global Navigation Satellite System (GNSS) (Table S1).

Environmental factors

Using SAGA GIS (Conrad et al., 2015), we computed 13 topography-derived
environmental factors (Table S2) from a precise and high-resolution DEM at 0.5 m
pixel resolution, based on light detection and ranging (LiDAR) data obtained from the
regional authorities (Canton Vaud, Switzerland). These topographic factors are known
proxies for ecologically relevant descriptors, including elevation (and therefore
temperature), climate, hydrology, soil conditions, light availability and exposure
(Guillaume et al., 2021; Lecours et al., 2017; Leempoel et al., 2015; Wilson & Gallant,
2000).
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Primary terrain attributes including slope, aspect as northness (AspC — cosine
of aspect) and eastness (AspS — sine of aspect), and curvature are often used in
species distribution models at local and regional scales, as they underlie multiple
biophysical processes (such as water flow, snow movement, erosion and solar
radiation (Guisan & Zimmermann, 2000; Lyon et al., 2008; Moore et al., 1991). Slope
(Slo) describes the steepness of the terrain and aspect describes its orientation. Both
are good proxies for solar radiation and temperature, especially when the
surrounding relief is of minor importance (Leempoel et al., 2015). Horizontal
curvature (Hcu) affects the convergence and the divergence of the water flow, while
vertical curvature (Vcu) describes the acceleration and the deceleration of the water
flow (Wilson & Gallant, 2000).

Over the last two decades, more elaborate secondary terrain attributes have
been developed as proxies to model specific biophysical features. Vector ruggedness
measure (VRM) describes the degree of terrain unevenness and distinguishes
between rocky and smooth terrain (Sappington et al., 2007). This descriptor
correlates with soil moisture and is a surrogate for stony soil in the western Alps
(Leempoel et al., 2015). Positive topographic openness (TOP) and negative
topographic openness (TON) express the protection of a focal point from the
surrounding relief (Yokoyama et al., 2002). These factors are based on the maximum
angle found at the zenith (TOP) or nadir (TON) from the point over a defined radius.
By describing the terrain convexities and concavities, these two factors reflect soil
drainage as well as protection from wind (Doneus, 2013).

Other factors have been designed to specifically model hydrological
processes. The downslope distance gradient (DDG) quantifies the influence of slope
on local water drainage (Hjerdt et al., 2004). The topographic wetness index (TWI)
guantifies the topographic control of hydrological processes and is formulated as the
logarithm of the ratio between the catchment area and the tangent of slope. It has
been used to predict soil pH, snow cover and ambient humidity (Beven & Kirkby,
1979; Bohner & Selige, 2006), where negative values were correlated with mean and
minimum air temperature, while positive values were correlated with the daily range

of air temperature (Leempoel et al., 2015).
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Light availability and temperature can be described by secondary terrain
attributes that account for surrounding terrain. The sky view factor (SVF) expresses
the ratio of the radiation received by a planar surface to the radiation emitted by the
entire hemispheric environment (Bohner & Antonic, 2009), such that SVF proxies for
water and light availability. At a microclimatic level, SVF also describes wind
protection. Finally, total insolation (Ti6, direct and diffuse radiation) and direct solar
insolation in the growing month of June (Di6, direct radiation) account for sun angle,
surrounding relief and the SVF. DEM-derived solar radiation is a direct proxy for light
availability affecting photosynthesis rates and indirectly accounts for air and soil
temperature, influencing evapotranspiration, snow melt and soil moisture (Tovar-
Pescador et al., 2006).

As environmental factors often covary, we applied Spearman correlation tests
to pairs of factors and retained only one factor of the pair if Spearman’s p > |0.8].
Finally, we performed a principal component analysis (PCA) on the retained 12
standardised environmental factors at the locations of the 304 sampled individuals,
using the ‘prcomp’ function in the stats package in R 4.1.0 (R Development Core

Team, 2021).

Genomic data

We used genomic data described elsewhere (Rogivue et al., 20193, b), representing
SNPs and polymorphic TEs (presence/absence). In short, we sequenced each
individual with Illumina HiSeq2500 (ATLAS Biolabs GmbH, Berlin, Germany; 125-bp
paired-end reads). After filtering and mapping (BWA 0.7.12; Li & Durbin, 2010) to the
high-quality, chromosome-level reference genome (Jiao et al., 2017), the remaining
reads corresponded to an average coverage of 11.7x. We performed SNP calling with
FreeBayes 1.0.2 (Garrison & Marth, 2012), with 291,396 biallelic SNPs remaining at
the regional extent (across all four sites) after stringent filtering (excluding SNPs
within TE sequences; Rogivue et al., 2019b). At the local extent, the number of SNPs
retained were 220,214 in Essets, 113,900 in Martinets, 287,261 in Para and 160,322
in Pierredar (minor allele frequency < 0.025). To describe the spatial genetic structure

of the sampled individuals, we carried out an analysis of model-based ancestry,

8
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implemented in the program Admixture (Alexander et al., 2009), on the retained

SNPs at the regional level (N = 291,396) for K = 1-20.

For the TEs, we genotyped presence/absence of polymorphic copies of long
terminal repeat retrotransposons (LTR-RTs) using TEPID (Stuart et al., 2016) and
inferred their zygosity from read coverage at breakpoints to treat them similarly to
SNPs. Of the 20,548 identified polymorphic TEs (Rogivue et al., 2019b), 3,874 loci with
no missing data were retained for subsequent environmental association analyses

and outlier detection.

Genotype—environment association analyses (GEA)

We performed GEA analyses (Lasky et al., 2022; Rellstab et al., 2015) at two
hierarchical levels (Figure 1): (i) the regional level, i.e., among the four studied
populations; and (ii) the local catchment level, i.e., among plots within each
population. We applied latent factor mixed models (LFMM; Frichot et al., 2013)
implemented in the R package LFMM2 (Caye et al., 2019), a univariate GEA method in

which neutral genetic structure is intrinsically considered.

We used the ‘snmf’ function in the R package LEA to replace the missing
observations (10%) in the SNP dataset with imputed data based on the population
structure from the sNMF analysis (K = 1-10, entropy = T, and 10 repetitions). We then
imputed the data with the ‘impute’ function in LEA, where latent factors (K) were
obtained using the lowest genomic inflation factor (gif) value (method = ‘mode’).
Once the SNP datasets were complete, we ran the LEA function ‘Ifmm_ridge’ for
latent factors K = 1-8 for each environmental factor.

We defined the best number of latent factors (K) as the value with the
genomic inflation factor (A, averaged over the 12 environmental factors) closest to 1
(Table S3), as suggested by Caye et al. (2019). We did not choose a specific K for each
environmental factor, as K has no specific biological meaning. Therefore, for the SNP
dataset at the regional level (i) we used K = 6, and at the local level (ii) we used K =2
for Essets, K = 3 for Martinets, K = 6 for Para, and K = 2 for Pierredar. For the TE
dataset, we used K = 1 for all analyses. Following Rogivue et al. (2019b), we treated

the two marker types (SNPs and polymorphic TEs) with different K values, reflecting

9
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the differential patterns of variation observed among populations (e.g., 6% of SNPs
were shared among populations, compared with 90% of polymorphic TEs; SNPs had
higher pairwise Fst values (0.09-0.18) than those for polymorphic TEs (0.03—0.09)).
We ran the ‘Ifmm_test’ function in LFMM2 (Caye et al., 2019) to calculate the z scores
and p values based on the A and x? distributions. To control for false positives, we
applied the Benjamini-Hochberg algorithm (Benjamini & Hochberg, 1995) with a false
discovery rate (FDR) of 1%.

Outlier analysis

To complement the GEA analyses, we used BayeScan 2.1 (Foll & Gaggiotti, 2008) to
identify outlier SNPs and polymorphic TEs putatively under divergent selection, i.e.,
showing genetic differentiation above that expected for neutral markers. BayeScan is
an Fsr-based approach that considers differences in allele frequencies between the
common pool and each population. Outlier loci are those resulting from divergent
selection beyond the level of what demographic processes, such as random genetic

drift, may impose in terms of genetic differentiation.

Like with LFMM, we ran BayeScan (i) at the regional level among the four
populations, and (ii) at the local level among plots within each local population. We
converted the SNP and TE datasets from LFMM to BayeScan format using a custom R
script. We defined the prior odd at 100, with 5,000 outputted iterations, a thinning
interval size of 10, 20 pilot runs of length 5,000, and a burn-in of 50,000. We
visualised BayeScan results using Manhattan plots created with the R package ggman

(Turner, 2018).

GO term enrichment analyses among levels of spatial extent, statistical methods,

and marker types

We characterised the putative functions of candidate loci identified in the above
analyses using the same annotation as in Rogivue et al. (2019b). For simplicity, we
considered only the SNPs with a high impact on their respective protein based on
SnpEff (Cingolani et al., 2012), where high-impact SNPs were those identified as
missense, splice acceptor and splice donor variants, as well as start/stop codon loss

10
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or gain. For similar reasons, we retained only polymorphic TEs located within 2 kb
upstream or downstream of annotated genes as possibly high-impact due to either
gene disruption or spreading of epigenetic marks lowering gene expression (Hollister

& Gaut, 2009).

We performed a gene ontology (GO) term enrichment analysis of the
significantly associated SNPs and polymorphic TEs with topGO 2.44.0 (Alexa et al.,
2006). We established the significance of the terms according to Fisher’s exact tests
(p value cut off at 0.01 and not adjusted for multiple testing, as recommended by the
topGO authors).

We compared the annotated genes and enriched GO terms between
hierarchical levels (regional vs. local extents), statistical methods (GEA vs. outlier
analyses), and marker types (SNPs vs. polymorphic TEs) to identify analogous signals
of adaptation. We searched for common high-impact SNPs and clusters (see below)
among local populations and between levels of spatial extent, which we visualised

using upset plots created with the R package UpSetR (Conway et al., 2017).

Clusters of loci identified as adaptive

We further compared common clusters of high-impact SNPs across the genome by
defining 6228 blocks of 100 kbp, with a step of 50 kbp. We counted the number of
high-impact SNPs, identified using either LFMM or BayeScan, per block and per
region, where a cluster was assigned if a block or region contained at least two
significant SNPs. We note that we summed all the LFMM-derived high-impact SNPs,

irrespective of their associated environmental factors.

Results

Spatial genetic structure

The 291,396 SNPs retained at the regional level were used to determine the genetic
structure across the studied populations. Using the program Admixture with K = 1-20,
we found substantial genetic differentiation among populations despite the common
genomic background reported in a phylogeographic study across the Alps (Rogivue et
al., 2018). Admixture converged to a minimum cross-validation for 15 clusters, to

11
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which 60% of individuals could be unambiguously assigned (membership coefficient
> 0.8), whereas admixed individuals were typically found in a single population. All
clusters were well nested within the four populations (3 in Essets, 4 in Martinets, 4 in
Para, 4 in Pierredar) and contained < 4% of the variants originating from other

populations (Figure 1).

Environmental factors and genotype—environment association (GEA) analysis

We evaluated 13 environmental factors derived from LiDAR-acquired DEMs at 0.5 m
resolution. This spatial resolution matches our sampling grain, i.e., individuals’ sites
within plots (minimum distance between sampled plants > 1 m). Among these
environmental factors, direct insolation in June was highly positively correlated with
total insolation in June (p = 0.99; Table S4), so we discarded it to reduce collinearity
between explanatory variables in subsequent analyses. A principal component
analysis (PCA) on the retained 12 environmental factors indicated that the
environmental conditions across the four sampled populations were similar overall,
with the habitat conditions of sampled individuals spanning similar gradients along
the environmental factors considered (Figure S1). This finding substantiates the
reasoning that our sampling scheme provides optimal premises for investigating
convergent signatures of adaptation across populations (Rellstab et al., 2020) based
on genomic and environmental variation.

In GEA analyses (Figure S2), horizontal curvature was most prominently
associated with genomic variation across all analyses, while eastness (with only a few
significant associations) and slope (with none) seemed to be uninformative regarding
signatures of selection (Table 1, Table S5). Notably, the environmental factors with
the largest number of significant associations differed substantially among the local
populations (Table S5).

The specificity of the environmental descriptors in driving local adaptation
was assessed through patterns of interaction between the markers and the
environmental factors. The majority of loci were associated with only one
environmental factor, while up to 32.8% showed an association with multiple

environmental factors in either the regional or local analyses (Figure 3a—e). The
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spatial extent considered in the GEA analyses had a considerable effect on the
number and relative frequency of significant associations per environmental factor;
notably, each local population showed a distinct frequency distribution (Table 1,
Tables S5 and S6). Accordingly, only 260 high-impact SNPs and polymorphic TEs were
found to be significant between the regional and the four local analyses (Figure 2f).
These were located in 209 candidate adaptive genes shared among the two levels of
spatial extent (Figure S3a). Only one gene was identified in all five GEA analyses.
However, no ortholog of this gene is known from A. thaliana and, hence, its function
remains unknown.

For the two marker types, SNPs and polymorphic TEs, we found similar
percentages of loci that were significantly associated with at least one environmental
factor at the regional level: 2.46% of the SNPs and 2.48% of the polymorphic TEs.
Despite such broad variation, only one candidate gene (Aa_G559430), homologous to
the terpenoid cyclase AT3G14490 in A. thaliana, was highlighted by both SNPs and

polymorphic TEs.

Outlier analysis

At the regional level, BayeScan identified only two outlier SNPs, of which only one
was identified as high-impact. Conversley, between 15 (Essets) and 134 (Martinets)
high-impact SNPs significantly exceeded the neutral expectation at the local level (g
values < 0.1; Figure 4, Figure S4, Table 2, Table S7), though only one SNP was
detected across all local populations. Most of the outlier SNPs identified were tightly
flanked by other SNPs in linkage disequilibrium, which is known to extend across a
considerable physical distance (Rogivue et al., 2019b). Conversley, outlier analyses for
polymorphic TEs showed an inverted trend: few significant outliers were identified at
the local level (between zero in Essets and three in Martinets), while 108 significant
outliers were detected across the regional level (Table 2 and Figure S5). Comparing
the two statistical methods, GEA and outlier analyses, found neither common SNPs
nor genes at the regional level, with a few SNPs detected with both analyses at the

level of local populations (Table 2).
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GO term enrichment

To substantiate the functional relevance of the loci putatively involved in divergent
selection, we performed tests for gene ontology (GO) term enrichment. We followed
the advice of the authors of topGO and did not apply any correction for multiple
testing to avoid excessive false negatives, at the cost of obtaining false positives.
Accordingly, the results of the enrichment analyses point towards, but do not
necessarily substantiate, genes of interest for being involved in adaptive processes.
Of the 7,180 associated SNPs identified by GEA at the regional level, we found 653
high-impact SNPs across all 12 environmental factors occurring within 519 annotated
genes (Table 1, Table S8), highlighting 42 significantly enriched GO terms (Table S9).
In turn, the 15 polymorphic TEs occurring within 2 kb upstream or downstream of
annotated genes highlighted 11 significantly enriched GO terms (Table 1, Tables S9
and S10). At the local level, high-impact SNPs and genes highlighted 22 significantly
enriched GO terms that were shared among three or four local populations (Figure
S3b). No gene flanking an associated polymorphic TE was identified in Essets or
Pierredar, whereas one was detected in Martinets and 62 in Para (Table S5). GO term
enrichment analyses were not considered for polymorphic TEs, as only a few linked

genes were identified.

At the regional-level, GEA analyses identified only two enriched GO terms
based on more than five genes comprising of at least one high-impact SNP, and these
were therefore considered top candidates (Table 1, highlighted in Table S9): ‘defence
response’ (GO:0006952) and ‘innate immune response’ (GO:0045087). The remaining
40 SNP-based significant GO terms and all 11 TE-based ones indicated a weaker signal
of selection (Table S9). Of the two outliers detected at the regional level, the SNP at
position 145,431 on chromosome 7 is a missense variant located in the gene
Aa_G219310 (orthologous to AT4G38420 in A. thaliana), encoding a ‘copper ion
binding’ protein involved in the oxidation—reduction process (GO:0055114,

http://atgenie.org/transcript?id=AT4G38420.1). The outlier SNP located on

chromosome 8 is a synonymous variant situated in the gene Aa_G499380
(orthologous to AT5G16970 in A. thaliana; Table S11) involved in responses to

oxidative stress; however, as a synonymous SNP it is likely not the locus directly
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under selection, but may be linked to the causative variation (i.e., not captured
possibly for statistical reasons). No GO term analysis was possible because only one
high-impact SNP was annotated (Table 2).

At the local level, few GO terms were classified as top candidates: two in
Essets (‘defence response’ (GO:0006952) and ‘innate immune response’
(G0:0045087)), one in Martinets (‘protein phosphorylation’ (G0O:0006468)), three in
Para (three times ‘protein phosphorylation’ (GO:0006468)), and none in Pierredar
(Tables S5a and S9). Among the 134 identified high-impact outlier SNPs in Martinets
(Table S11), we found two top candidate GO terms: ‘response to oomycetes’
(G0:0002239) and ‘defence response to fungus, incompatible interaction’
(GO:0009817); Table S12). The three other regions presented no top candidate GO

terms (Table S12), despite the occurrence of several high-impact outliers (Table S11).

Common clusters of adaptive loci

We identified 12 common blocks (genomic regions spanning 100 kbp, with a step of
50 kbp) of high-impact SNPs detected by GEA analyses, most of which were shared
between at least two local populations (Figure 5). Only one genomic block was
common among three populations, and two (consecutive) genomic blocks were
shared between all four populations. Based on the outlier loci identified with
BayeScan, we found three common blocks, two of which were consecutive on
chromosome 3, which were common to the same two populations (Essets and
Pierredar) and in common with one population based on LFMM (Pierredar). The
remaining block was shared between Para and Pierredar. These 15 common blocks

comprised 211 significant associations in GEA analyses for 94 SNPs.

Discussion

Investigating the genes and functions that are under selection and identifying the
factors driving selection are essential for understanding local adaptation, particularly
in view of global change. The high-quality and high-resolution genomic and
environmental data now available provide increasing insights into the evolution of

species and how environmental conditions can shape evolution. By assessing genomic
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variation at the whole-genome level at both single nucleotides (SNPs) and TE markers
for 304 individuals, and by characterising each individual’s micro-habitat, we found
that environmental factors describing soil water availability and solar radiation are
important drivers of local adaptation in A. alpina. While we detected loci showing
signals of local adaptation in the genic (high-impact SNPs and polymorphic TEs) and
non-genic (polymorphic TEs near to genes) genome regions, the detected signals
differed substantially among the four local populations, with inconsistencies across
the regional and local spatial extents. These findings highlight the specificity of local
adaptation for populations, despite these populations sharing a common genomic
background and experiencing similar environmental conditions (Fig. S1; Rogivue et
al., 2018). Such truly local responses to abiotic environmental cues may reflect in part
the high frequency of selfing observed in Alpine populations of A. alpina (Buehler et
al., 2012; Tedder et al., 2011), which could reinforce genomic imprints of local
adaptation once they have become established (Trickovic & Glémin, 2022). This
finding provides evidence that convergent signatures of selection, even within closely
situated populations of a given species, may only be expected under particularly
strong selective pressure and, thus, are rarely realised in populations of mostly selfing

individuals, as investigated here.

Singular signals of genomic adaptation across levels of spatial extent

In our hierarchical study design, we identified few gene candidates for local
adaptation common between the regional and local analyses (Figure 3f). While the
literature about the spatial extent of adaptation is still limited, two recent studies on
forest trees also showed that adaptation at different levels of spatial extent appears
complementary (Brousseau et al., 2021; von Takach et al., 2021). These authors
concluded that such scale issues are important to consider for understanding
genomic signatures of local adaptation, which is in line with our findings. The very
local adaptive response of populations reported here was already highlighted by
Rellstab et al. (2017) in a study on the strictly outcrossing Arabidopsis halleri. There,

only 31% of previously identified candidate adaptive SNPs were confirmed in an
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independent set of populations, underlining the truly local nature of adaptation in
response to a highly heterogeneous environment.

The low degree of overlapping results between the two marker types, SNPs
and polymorphic TEs, implies that their respective variation reflects adaptive
responses involving complementary candidate genes and gene functions. We cannot
exclude potential effects of using different bioinformatic tools to characterize each
marker type, steming from fundamental differences between the types of
polymorphisms. For example, SNP-derived estimates of population-specific
inbreeding coefficients Fis were lower than respective values calculated from
polymorphic TEs (Rogivue et al., 2019b). By ignoring sequence variation, we
underestimate heterozygosity in TEs, resulting in inflated Fis values. Nevertheless, our
findings highlight the relevance of incorporating structural polymorphisms, such as
TEs and copy number variants, when studying complex evolutionary responses to
changing environments. Similar findings have been reported previously for
Brassicaceae (Niu et al., 2019; Quadrana et al., 2016), emphasising the need to
consider TE variation when investigating adaptation to global warming (Rey et al.,
2016). The present study is, to our knowledge, the first to show that SNPs within
genes and polymorphic TE copies indicate complementary candidates of local
adaptation.

Unsurprisingly, the two statistical methods used (GEA and outlier detection)
revealed complementary outcomes and did not point to the same candidate genes.
To some degree, this inconsistency may be attributed to the smaller number of
candidates found in the outlier analysis (Table 2). Such a result may be associated
with sampling individuals in plots of contrasting environments, rather than along
abiotic gradients (Richardson et al., 2014). Additionally, the fundamental differences
between the two methodological approaches (statistical, environment-related GEA,
population genomic outlier detection) suggest that one should expect
complementary, rather than overlapping, signals of adaptation. Our results indeed
integrateeffects of selection across various abiotic and (unaccounted for) biotic
factors. Accordingly, conditional neutrality (Mee & Yeaman, 2019) might might at
least partly explain the small number of outliers detected that contrasts with the

numerous loci associated with environmental heterogeneity. Relatively high genetic
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load was indeed detected within those expending alpine populations (Zeitler et al.,
2023), and corresponding loci may be conditionally deleterious to a large extent,
hence showing limited allelic differentiation despite significant genotype-by-
environment interactions. As simulations show that GEA analyses have a high power
of detection under scenarios of weak selection and low dispersal (Forester et al.,
2016), such approaches may be sensitive enough to identify conditionally neutral loci

(Lasky et al., 2022; Yoder & Tiffin, 2018).

Selective factors are distinct among SNPs and polymorphic TEs, and are

predominantly consistent between levels of spatial extent

In our study, the type of genomic marker investigated considerably affected the
relative importance of the associated environmental factors (Table 1, Figure 3).
Horizontal curvature, a proxy for drainage and hydrological processes, detected the
most candidate SNPs. Conversely, GEAs using polymorphic TEs highlighted that the
factor with the largest number of significant candidates was total insolation in June
(or the highly correlated direct insolation in June), a factor representing solar
radiation. Although mechanistic underpinnings remain out of scope, this finding again
highlights the complementarity of SNPs and polymorphic TEs in revealing responses
to different environmental cues.

Across the two hierarchical levels of spatial extent, the order of importance of
the environmental factors differed slightly, while the top environmental factors
largely remained consistent (Table 1 and Table S5). This result suggests that the
studied populations inhabit similar environments and that our study design was
appropriate for detecting potentially convergent signatures of adaptation (Figure S1).
Nevertheless, environmental contrasts such as (indirectly accounted for) differences
in biotic interactions as well as restricted gene flow, and hence large effects of
genetic drift, likely contributed to overruling selective effects to impose a common

signal in the genomes of A. alpina individuals.
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Defence-related functions are key in heterogeneous alpine environments

In alpine environments, plants must deal with harsh, highly variable conditions to
survive. In our study, high-impact polymorphisms in genes related to defence
responses are overrepresented among candidates of local adaptation (Table S9).
Likewise, loci identified by the outlier analyses also highlighted defence-related
functions under selection, though outlier loci did not directly link to any
environmental drivers. Biotic interactions are usually considered to play a minor role
when compared to abiotic environmental factors for plants at high elevations
(Zvereva & Kozlov, 2022). Nevertheless, despite our focus on potential abiotic drivers
of local adaptation, our study indicated that genes with biotic-related biological
functions are key in adaptive responses in alpine plants. Therefore, we advocate also
including biotic drivers in future environmental association analyses to better
represent potential environmental drivers of adaptation.

The two biological functions under selection at the regional level, i.e., ‘defence
response’ and ‘innate immune response’, were also found at the local level in Essets.
No other common biological function was found among the two levels of spatial extent,
again stressing the notion that local adaptation is truly local. Moreover, adaptive
functions previously described in studies on A. alpina, e.g., related to survival,
flowering and fecundity (de Villemereuil et al., 2018; Torang et al., 2015; Wotzel et al.,
2022), were not found in our analyses. This discrepancy might be due to differences in
the spatial extent and resolution of the studies, the complementary methodological
approaches, and the different types of environmental factors considered. Beyond this,
high levels of selfing encountered in Alpine populations of A. alpina may amplify
population-specific adaptive responses, though such an effect depends on various
conditions such as patterns of dominance, levels of selective pressure, and migration
rate (Trickovic & Glémin, 2022).

In conclusion, by combining whole-genome re-sequencing data with high-
resolution descriptions of environmental factors, our study pointed to several genes
and biological functions potentially under selection. These findings pave the ground
for a better understanding of adaptive processes and could guide further

investigations of A. alpina and related (alpine) species. Further, our findings suggest
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that signatures of local adaptation are dependent on the spatial extent of the study,
the type of genomic markers employed, and the statistical methods used. The
common genomic blocks indicative of imprints of adaptation (Figure 5) refer to
regions in the genome that are under sufficiently strong selection to overcome the
presumed high level of genetic drift induced by demography and life-history traits of
A. alpina in our study regions. Taken together, our results suggest that
microevolutionary processes may likely result in non-overlapping signatures of local

adaptation across spatial scales.
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Tables and Figures

TABLE 1 Results of environmental association analyses in Arabis alpina at the
regional level (latent factor mixed model, LFMM). The number (#) of significant
single-nucleotide polymorphisms (SNPs), high-impact SNPs (i.e., missense, splice
acceptor and splice donor variants, as well as start/stop codon loss or gain) and
polymorphic transposable elements (TEs) within 2 kbp of a gene, as well as the
number of associated genes and significantly enriched gene ontology (GO) terms
associated with each environmental factor, with less () or more (¥) than five genes
significant. The three environmental factors most frequently associated with SNPs
and polymorphic TEs are highlighted in bold and italics, respectively.

# significantly
# associated

# associated loci enriched
genes
GO terms t
High-
From From From
Environmental factor SNPs impact  TEs From TEs
SNPs TEs SNPs
SNPs
Total insolation in June 0 0 42 0 9 0 5
Sky view factor 243 31 0 17 0 5 0
Topographic wetness index 52 1 0 1 0 0 0
Neg. topographic openness 151 6 0 6 0 0 0
Pos. topographic openness 82 21 13 9 4 7 6
Vector ruggedness measure 1767 179 3 148 0 5 0
Downslope distance gradient 224 16 0 14 0 5 0
Horizontal curvature 3355 286 36 236 0 8 0
Vertical curvature 924 78 0 62 0 6+2% 0
Northness 382 35 0 26 0 4 0
Eastness 0 0 2 0 2 0 0
Slope 0 0 0 0 0 0 0
Total 7180 653 96 519 15 42 11

T p<0.01, <5 genes significant
¥ p <0.01, > 5 genes significant
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TABLE 2 Number of outlier loci detected by BayeScan in Arabis alpina. The number of significant single-nucleotide polymorphisms (SNPs) and
polymorphic transposable elements (TEs) at the regional level and for each of the four local populations, the number of high-impact SNPs and
TEs, the number of genes containing SNPs or TEs, and the number of significantly enriched gene ontology (GO) terms for SNPs and TEs, with
less (T) or more (%) than five genes significant.

# outliers # # genes # enriched # common # common gene
(g value <0.1) high-impact GO terms t with LFMM with LFMM
Spatial Local SNPs  TEs SNPs  TEs SNPs  TEs SNPs  TEs SNPs  TEs SNPs  TEs
extent population
Regional 2 108 1 2 1 0 0 0 0 6 0 1
Local Essets 176 0 15 0 14 0 4 0 0 0 0 0
Martinets 2032 3 134 0 134 0 5+2%f O 26 0 24 0
Para 1193 2 100 0 100 0 6 0 1 0 2 0
Pierredar 599 1 27 0 27 0 5 0 2 0 3 0

T p <0.01, < 5 genes significant
¥ p <0.01, > 5 genes significant
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FIGURE 1 Schematic illustration of the study design and analyses. Four local
populations were selected (illustrated by rectangles), each comprising ten plots
(circles) with six to ten plants each. Individual plants were sampled and sequenced to
identify single-nucleotide polymorphisms (SNPs) and polymorphic transposable
elements (TEs). Environmental data used to characterise the habitat of each
individual were computed from a regional high-resolution digital elevation model
(DEM) at 0.5 m pixel resolution, based on light detection and ranging (LiDAR). Two
types of analyses were performed to search for genomic signatures of selection: (i)
genotype—environment association (GEA) analyses using a latent factor mixed model
(LFMM; Frichot et al., 2013) and (ii) outlier analyses using BayeScan (Foll & Gaggiotti,
2008). Both types of analyses were performed at two hierarchical levels differing in
spatial extent: (i) at the regional level among the four local populations and (ii) at the
local level among plots within each population.
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FIGURE 2 Locations of the four local populations of Arabis alpina and genetic
assignment. (a) The study region situated in the western Swiss Alps, with four local
populations (b) Para, (c) Pierredar, (d) Essets and (e) Martinets. Pie charts in (b)—(e)
represent the proportions of assignment probabilities for each plot (black dot) within
each studied region (delimited by a red line).
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FIGURE 3 Common associations between environmental factors and hierarchical
levels. Combination and magnitude of intersections of the significantly associated
single-nucleotide polymorphisms (SNPs, high-impact) and polymorphic transposable
elements (TEs) from the latent factor mixed models (LFMM) comparing
environmental factors within each analysis. (a) Regional level, (b)—(e) local level, and
(f) between hierarchical levels. The number of loci involved in each category is given
above the corresponding plot.
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FIGURE 5 Genomic regions indicating signatures of adaptation. Significant high-
impact single-nucleotide polymorphisms (SNPs) in Arabis alpina, identified in
genotype—environment association (GEA) analyses, with common chromosomal
blocks. Panels show the log p-value of all high-impact SNPs identified per local
population (denoted with different colours) for each of the five (out of eight)
chromosomes (CHR) of A. alpina for which common blocks could be found. Blocks
are denoted if detected in at least two populations, with vertical lines in grey for GEA
analyses and in brown for outlier analyses. Numbers in x-axis denote length of
chromosome in Mbp.
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Supporting Information

Supportin information is available for this paper currently as a zip archive, except for

Figure S2 shared via a link to Google Doc (see below).

Table S1 Geographical coordinates and values of the 13 environmental factors for

each sampled individual of Arabis alpina in the four local populations.

Table 2 Definitions of the 13 environmental factors.

Table S3 The genomic inflation factor A, calculated using latent factor mixed models
(LFMMs), for single-nucleotide polymorphisms (SNPs) and polymorphic transposable

elements (TEs) in Arabis alpina.

Table S4 Spearman’s p between pairs of 13 environmental factors, measured in the

four local populations of Arabis alpina.

Table S5 Summary results of the latent factor mixed models (LFMMs) for the single-
nucleotide polymorphisms (SNPs) and the polymorphic transposable elements (TEs)

in Arabis alpina.

Table S6 Associated single-nucleotide polymorphisms (SNPs) and polymorphic
transposable elements (TEs) in Arabis alpina, based on the latent factor mixed

models (LFMMs). (a) SNPs regional, (b) TEs regional, (c) SNPs local and (d) TEs local.

Table S7 Results of the outlier detection analyses, using BayeScan, based on single-

nucleotide polymorphisms (SNPs) in Arabis alpina at the regional and local levels.
Table S8 Annotated single-nucleotide polymorphisms (SNPs) in Arabis alpina at the

regional and local levels, based on the results of latent factor mixed models

(LFMMs).
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Table S9 Results of the gene ontology (GO) enrichment analysis for latent factor
mixed models (LFMMs) with single-nucleotide polymorphisms (SNPs) and
polymorphic transposable elements (TEs) in Arabis alpina at the regional and local

levels.

Table S10 Annotated associated polymorphic transposable elements (TEs) in Arabis
alpina at the regional and local levels, based on the latent factor mixed models

(LFMMs).

Table S11 Annotated single-nucleotide polymorphisms (SNPs) in Arabis alpina at the

regional and local levels, based on outlier detection analyses using BayeScan.

Table S12 Gene ontology (GO) terms in Arabis alpina at the regional and local levels,
based on the results of outlier detection analyses of single-nucleotide

polymorphisms (SNPs) using BayeScan.

Figure S1 Principal component analysis (PCA) including the 304 individuals of Arabis
alpina from the four local populations, based on the twelve retained environmental

factors.

Figure S2 Manhattan plots of the latent factor mixed model (LFMM) analyses for
Arabis alpina.

https://drive.google.com/file/d/1 VbJxP9xHOdYLgtuMdzN3rcrosPwjgeg/view?usp=s

hare link

Figure S3 Shared genes and gene ontology terms between levels of spatial extent in

Arabis alpina.

Figure S4 Plots of the results of the outlier detection analyses (using BayeScan),

based on the genome scan of single-nucleotide polymorphisms (SNPs) in Arabis
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1038  alpina: (a) regional analysis and (b)—(e) local analyses. (b) Essets, (c) Martinets, (d)
1039  Para and (e) Pierredar.

1040

1041  Figure S5 Manhattan plots of the results of the outlier detection analysis (using

1042  BayeScan), based on the genome scan of polymorphic transposable elements (TEs) in

1043  Arabis alpina.
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