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Natural selection on the Arabidopsis thaliana 
genome in present and future climates
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Through the lens of evolution, climate change is an agent of natural 
selection that forces populations to change and adapt, or face 
extinction. However, current assessments of the risk of biodiversity 
associated with climate change1 do not typically take into account 
how natural selection influences populations differently depending 
on their genetic makeup2. Here we make use of the extensive genome 
information that is available for Arabidopsis thaliana and measure 
how manipulation of the amount of rainfall affected the fitness of 
517 natural Arabidopsis lines that were grown in Spain and Germany. 
This allowed us to directly infer selection along the genome3. 
Natural selection was particularly strong in the hot-dry location in 
Spain, where 63% of lines were killed and where natural selection 
substantially changed the frequency of approximately 5% of all 
genome-wide variants. A significant portion of this climate-driven 
natural selection of variants was predictable from signatures of local 
adaptation (R2 = 29–52%), as genetic variants that were found in 
geographical areas with climates more similar to the experimental 
sites were positively selected. Field-validated predictions across the 
species range indicated that Mediterranean and western Siberian 
populations—at the edges of the environmental limits of this 
species—currently experience the strongest climate-driven selection. 
With more frequent droughts and rising temperatures in Europe4, 
we forecast an increase in directional natural selection moving 
northwards from the southern end of Europe, putting many native 
A. thaliana populations at evolutionary risk.

To predict the future impacts of climate change on biodiversity, the 
typical starting point has been to study the limits of climate tolerance 
that can be inferred from the present geographical distribution of a 
species. These tolerances are usually treated as static over time, and 
risks are assessed on the basis of whether the geographical areas with 
climates within the tolerance limits will shrink1 or shift faster than the 
species can migrate1,5. However, these approaches do not account for 
within-species genetic variation or for how natural selection causes 
species to genetically change and adapt over time2.

As a result of species-wide genome-selection scans6,7 as well as 
genome associations with climate of origin8–12, we increasingly under-
stand the genomic basis of past selection and climate adaptation.  
The best way to quantify current selection in a specific environment 
is provided by field experiments in which multiple genotypes of a  
species are grown together13,14 and relative fitness is directly associated 
with genetic variation3,15. We combined such knowledge with global 
climate-change projections to predict the evolutionary influence of  
climate change on a species—that is, how much the local populations of 
a species will need to genetically change and re-adapt to future climates.

To study natural selection in the annual plant A. thaliana, we  
performed two common garden experiments for one generation in two 
climatically distinct field stations, at the warm edge of the distribution 

of the species in Madrid (Spain, 40.40805° N, 3.83535° E), and closer 
to the centre of the distribution of A. thaliana in Tübingen (Germany, 
48.545809° N, 9.042449° E) (Fig. 1). At each site, we simulated high 
precipitation as is typical in Germany and low precipitation as is typical 
in Spain (we used four flooding tables with a split replicated design of 
two wet and two dry treatments, each with four spatial blocks, iden-
tically replicated at both sites; Extended Data Fig. 1). In the autumn 
of 2015, we sowed over 300,000 seeds of 517 natural lines, which cap-
tured the species-wide genomic diversity16 (Supplementary Data 1, 2 
and Extended Data Fig. 2). For each line, we prepared 7 pots in which 
only a single plant was retained after germination in situ, and 5 pots 
with exactly 30 seeds that were allowed to germinate and grow without 
intervention throughout the experiment. At the end of the experiment 
in June 2016, we had collected data from 23,154 pots. We recorded 
data for the survival to the reproductive stage and the number of seeds 
per surviving plant (fecundity) and their product, and lifetime fitness 
(Supplementary Data 3, 4). Heritability of fitness varied across envi-
ronments and between survival and fecundity. It was generally highest 
in the most stressful environment (H2

survival = 0.551; Supplementary 
Table 2), that is, in Spain under low precipitation and at a high plant 
density. In this environment, only 193 of the 517 accessions survived, 
whereas in Germany at least a few plants of each accession reproduced 
(Extended Data Fig. 2 and Supplementary Table 1).

In each experimental environment, we quantified the natural  
selection on minor alleles as the total selection coefficient17 (s), based 
on the difference in relative fitness of lines with the minor and the major 
allele at each genomic position (1,353,386 biallelic single-nucleotide  
polymorphisms (SNPs) in 515 lines using a genome-wide associa-
tion approach with linear models18 (LM-GEMMA) (Supplementary 
Methods I.IV). In real populations, especially in selfing species with an 
extensive population structure, alleles linked to causal variants cannot 
escape the consequences of selection—that is, an increase or decrease 
in frequency or even the fixation or loss of an allele. This phenomenon 
is associated with background selection and genetic hitchhiking of vari-
ants19–21. With s, we capture the realized selection that affects the minor 
allele of each SNP, which results from the combination of the selection 
that acts directly on the focal allele and the indirect effects owing to 
selection on causal SNPs that are in linkage disequilibrium with the 
focal variant. This approach best reflects an increase or decrease in  
frequency of each SNP in the population after one generation of selection  
(Extended Data Fig. 3). The inferred s coefficient was significantly 
different from zero in at least one of the eight environments for 6,538 
SNPs, when using a Bonferroni-corrected threshold (P < 7 × 10−7) or 
for 421,962 SNPs, when using a Benjamini–Hochberg false-discovery 
rate (FDR)-corrected threshold (P < 0.05) (Fig. 1 and Supplementary 
Table 3). If we considered our experiment as a naturally evolving 
population, the top 1% of s coefficients in Spain would cause allele 
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frequencies to change in the range of 12 to 24%, and another 1% of 
all genome-wide alleles (n = 12,179) would become fixed in one 
generation (this is because many accessions did not survive at all).  
In the benign high-precipitation environment of Germany, the top 
1% of s coefficients would cause allele frequencies to change by 1.2 to 
2.6%, and no allele would become fixed (Supplementary Table 4 and 
Supplementary Methods I.IV).

We were mainly interested in how the genetic makeup of a popula-
tion changes in response to natural selection; however, we also won-
dered how many of the alleles that changed in frequency were actually 
under indirect compared to direct selection. We therefore carried out 
another genome-wide association study with population structure 
or genome relatedness correction, in which indirect effects that are 
driven by linkage disequilibrium are removed statistically17,18, using a 
Bayesian sparse linear mixed model approach18 (BSLMM-GEMMA; 
see Supplementary Methods I.IV). This analysis estimated that the 
most likely number of causal loci (nγ) was in the range of 7 to 89 per 
experiment (Supplementary Table 3). This confirmed our expectation 
that most of the detected alleles (Fig. 1) experienced indirect natural 
selection17,20. In agreement with the idea that BSLMM analyses are 
designed to find SNPs that have potential direct effects on fitness, the 
inferred causal alleles were also more likely to be nonsynonymous than 
synonymous mutations (n = 368 alleles with inclusion probability 
γ > 5% in any of the experiments, Fisher’s Exact test, odds ratio = 1.32, 
P = 1.18 × 10−5).

An important question is whether alleles that are beneficial 
in one environment are beneficial, neutral or even detrimen-
tal in another environment. We found that alleles that were under  
positive selection in the low precipitation condition tended to 
be under negative selection in the high precipitation condition, 

and vice versa; this phenomenon is known as antagonistic pleiot-
ropy22 (Fisher’s exact test, odds ratio > 1.31, P < 4 × 10−24; Fig. 2).  
This observation was particularly clear when comparing the two 
most natural conditions—low precipitation in Spain and high  
precipitation in Germany (odds ratio = 6.72). By contrast, when 
we compared the same precipitation conditions between the two  
locations, selection was either in the same direction (Pearson’s  
correlation; 0.23 < r < 0.51), or there was selection in one environment 
and neutrality in the other, which is known as conditional neutrality  
(all odds ratios < 1, P < 1 × 10−16) (Supplementary Table 5).

If the above patterns mimic natural selection driven by climate in 
the wild, we should be able to find aligned footprints of past selec-
tion and adaptation in the genomes of our populations. We therefore 
searched for selective sweeps6—outlier allele frequency differentiation 
between eleven genetic groups of A. thaliana8 (FST)—and climate-allele 
associations10,11 (using a genome-wide association study with the aver-
age climate of origin23 from 1960 to 1990; http://worldclim.org/). Sites 
with Bonferroni-corrected significant s had higher average FST values  
(0.39 compared to 0.14, Wilcoxon rank-sum test, P < 1 × 10−16), 
but were not any more likely to have experienced a selective sweep 
(P = 0.2) than frequency-matched background SNPs (Fig. 2). Absolute 
values of s were also significantly correlated with the steepness of the 
minor allele–environment gradients (for example, annual precipi-
tation and temperature; Spearman’s ρ = 0.12, P < 1 × 10−16), and 
alleles that were associated with regions with low precipitation regimes 
tended to be under positive selection in Spain in low precipitation 
conditions (Fig. 2d and Extended Data Fig. 2). Taken together, these 
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Fig. 1 | A genome map of total selection coefficients. a, Manhattan 
plots of SNPs that are significantly associated using LM-GEMMA with 
the relative lifetime fitness averages of 515 genotypes and 1,353,386 SNPs 
in 8 different environments. SNPs that were significant after multiple 
comparison correction using FDR (black and grey) or Bonferroni (red) 
approaches are shown (see Supplementary Table 3 for the number of 
significant SNPs per environment). For genome-wide scans of survival 
and fecundity see Extended Data Fig. 4. b, Distribution of absolute 
total selection coefficients |s| per experiment. λ denotes the maximum 
likelihood-inferred parameter of an exponential distribution; m denotes 
the mean total selection coefficient. c, Aerial picture of the experimental 
site in Spain. d, Close-up picture inside the opened foil tunnel in Germany.
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Fig. 2 | Selection trade-offs and the signal of environmental local 
adaptation. a, The 5% extreme tails of total selection coefficients 
across two contrasting environments: Spain with low precipitation 
and high population density and Germany with high precipitation 
and low population density. Light grey, conditionally neutral alleles 
for either environment (CN, n = 265,436); black, alleles behaving as 
antagonistic pleiotropic (AP, n = 20,503); dark grey, alleles behaving 
as non-antagonistic pleiotropic (nAP, n = 9,681). b, Mean annual 
precipitation and precipitation seasonality in the geographical areas 
of the origin of SNPs (n = 1,353,386 SNPs). Black circles indicate 
the average climate values at our Spanish (left) and German (right) 
experimental locations. CV, coefficient of variation. c, Scatter plot of 
field absolute total selection coefficients and FST values across 11 lineages 
(loess function in grey). d, The likelihood ratio (LR) of selective sweeps 
(n = 1,353,386 SNPs). c, d, P values correspond to the linear model 
association of s in Fig. 1.
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observations support a polygenic model of natural selection across 
precipitation regimes, leading to the adaptation and specialization of 
local genotypes.

Finally, we aimed to build a quantitative environmental model that 
can predict s from past signatures of selection and local adaptation. 
This provides a means to predict whether alleles should increase 
or decrease in frequency in a certain environment; this model can 
then be used to understand the evolutionary pressures on species in 

inaccessible environments or even in future hypothetical climates.  
We used a regression model with decision trees using random for-
ests to build genome-wide environment selection (GWES) models 
(for details see Supplementary Methods I.VII and Supplementary 
Tables 7–10). By training models on s coefficients measured in Spain 
and Germany (10,000 random genome-wide positions), with accuracy 
testing of models using cross-validation and bootstrap (that is, 10,000 
other positions; 100 samples of 100), we confirmed that s coefficients 
were correctly predicted, with a high correlation accuracy (Pearson’s 
correlation after cross-validation; 0.56 < rcv < 0.7) and a large propor-
tion of variance explained (after cross-validation, R2

cv = 29–52%)24 
(Fig. 3a). We also validated the predictability of the models using 
published fitness experiments with partially overlapping sets of nat-
ural A. thaliana lines that were grown at different locations in Spain, 
Germany and England25,26 (7%<R2

cv < 36%; Fig. 3a, Extended Data 
Fig. 5, Supplementary Table 8 and Supplementary Methods I.VIII).

Using the trained and validated GWES models, we predicted genetic 
natural selection at hundreds of locations across the native range of  
A. thaliana, similar to simulating field experiments in which the same 
set of diverse natural A. thaliana lines were challenged by different 
local climates (Fig. 3). The intensity of selection, calculated as the 
genome-wide average s, was the highest towards the environmental 
limits of the species—that is, in hot (annual temperature, Spearman’s 
rank correlation ρ = 0.62, P < 1 × 10−16) and dry (annual precipi-
tation, ρ = −0.457, P = 10−27) areas (Fig. 3b, c and Supplementary 
Table 11). Such environments also have a high year-to-year precip-
itation variability from 1958 to 2017 (ρ = 0.22, P < 8 × 10−7; data 
were obtained from a previous study27; Fig. 3f). In the locations for 
which we predicted strong selection intensities, natural lines had a 
lower-than-average ratio of nonsynonymous to synonymous polymor-
phisms (Kn/Ks, ρ = −0.276, P = 3 × 10−10; Fig. 3e), high local genetic 
diversity π (ρ = 0.187, P = 2.63 × 10−5; Extended Data Fig. 6) and 
elevated Tajima’s D (ρ = 0.161, P = 3 × 10−4; Extended Data Fig. 6). 
Although several demographic scenarios could partially explain some 
of these patterns in isolation, they can be jointly reconciled by a sce-
nario in which strong and fluctuating climate-driven natural selection 
occurs at the edge of the species range.

A sudden change in climate and increased climate variability28 
should increase the magnitude of natural selection that local popu-
lations experience. Using climate projections of 2050 as a proxy for 
potentially abrupt changes in climate (data were obtained from previ-
ous studies4,23), we predict that selection intensity will probably increase 
in large parts of southern to central Europe, where a decrease in annual 
precipitation and a concomitant increase in annual temperature are 
expected (Fig. 3d and Extended Data Fig. 5).

Local populations typically consist of closely related lines that  
harbour only a subset of our global set of genetic variants. Therefore, 
it is important to study the selection of the local variants. We hence 
investigated whether local alleles in each of our populations are pre-
dicted to be more or less selected for in the future (a positive or negative 
change in s of more than 5%) (Fig. 3g and Extended Data Fig. 5). This 
revealed that many native populations in the transition zone from the 
Mediterranean to temperate regions will experience more-negative 
selection, that is, local genotypes will have a lower fitness in the future 
owing to a diminished degree of local adaptation, thus putting popu-
lations at evolutionary risk.

New technological advances have enabled genome sequencing16  
and comprehensive ecological monitoring at multiple scales29 for 
worldwide collections of plant species. Our experiments provide a 
proof-of-concept of the use of genome-wide environment selection 
models for evolution-aware predictions of climate-change-associated 
risks for biodiversity. Such predictions present a first step for the design 
of conservation strategies to catalyse evolutionary rescue of species30.

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this paper.
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combinations of n = 10,000 randomly selected genome-wide SNPs from 
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(selection intensity; n = 10,752 SNPs, one random SNP per 10-kb 
window) in 502 locations of sampled A. thaliana native populations and 
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Data availability
Data are available in the Supplementary Tables and Supplementary Data and are 
deposited in Figshare (https://doi.org/10.6084/m9.figshare.6756836 and https://
doi.org/10.6084/m9.figshare.6480599). Genomes are available at http://1001ge-
nomes.org/data/GMI-MPI/releases/v3.1/. The seed collection can be obtained 
from the Arabidopsis Biological Resource Center (ABRC) under accession 
CS78942 (https://abrc.osu.edu/stocks/465820). The PLINK files for genome-wide 
association scans of fitness and climate are deposited in the AraGWAS Catalog 
(https://aragwas.1001genomes.org/; https://doi.org/10.21958/study:34).

Code availability
Field data cleaning and processing scripts are available from GitHub (https://
github.com/MoisesExpositoAlonso/dryAR) and Zenodo (https://doi.org/10.5281/
zenodo.2583224). Plant rosette area scripts are available from GitHub (http://
github.com/MoisesExpositoAlonso/hippo) and Zenodo (https://doi.org/10.5281/
zenodo.1039888). Inflorescence analysis scripts are available from GitHub (http://
github.com/MoisesExpositoAlonso/hitfruit) and Zenodo (https://doi.org/10.5281/
zenodo.2583262). Simulations of total selection coefficients inference and popu-
lation allele frequency changes are available from GitHub (https://github.com/
MoisesExpositoAlonso/selectioncorrelatedgenotypes) and Zenodo (https://doi.
org/10.5281/zenodo.1408095).
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Extended Data Fig. 1 | Field experiment setup and phenotyping. a, View 
inside the foil tunnel in Germany. b, Spatial distribution of blocks and 
replicates in a split block design. Two independent blocks per watering 
condition were set up, with four spatially separated blocks within these 
two blocks. The 517 genotypes were then randomized within spatial 
blocks. The surface area of these blocks were the size of 18 or 26 quickpot 
trays for replicates with a high density of plants (a small population was 
grown per pot) or low density of plants (individual plants were grown 
per pot), respectively. In total, we placed 346 quickpot trays in Spain and 
346 in Germany. Each quickpot tray had 40 cells of which 36 were used 
to sow plants (the corners were excluded). In total, 23,154 pots were 
successfully planted, which included about 14,500 pots with single plants 
(after thinning), and about 9,500 pots in which 30 seeds were planted and 
left to grow into small population without intervention. c, d, Soil water 
content (c) and soil surface temperature (d) retrieved from the 34 sensors 
monitoring each experimental block and the conditions outside the 
tunnel. Violin plots represent the distribution of recorded temperature and 
moisture values that were recorded every 10 min during the day and the 
night from three days after the day of sowing (16 November 2015 in Spain 

and 22 October 2015 in Germany) until the day at which all plants had 
completed their cycle and were dry (25 April 2016 in Spain and 15 April 
2016 in Germany; n = 10,000 subsampled values of the time series).  
e, Set-up and examples of image-based high-throughput in situ 
phenotyping. (1) Customized dark box (Fotomatón) for image acquisition 
and (2) example tray with the corresponding green (3) and red (4) 
segmentation image products. Image-based monitoring was done for 
23,154 pots, of which 375 pots were identified as failed replicates using 
the red flags placed in the field by experimenters (2 and 4). (5) Example 
image of a cut inflorescence of an adult plant and (6) segmentation of the 
inflorescence from background, (7) inflorescence path or skeletonization 
and (8) branch and end-point detection. In total, inflorescence images 
of 13,849 pots were taken and analysed. The variables extracted from 
inflorescence image processing (6–8) were used as predictors in a linear 
model that accurately estimated the number of fruits on an inflorescence, 
a relationship that was calibrated by manually counting fruits of small, 
medium and large representative plants (R2 = 0.97, n = 11, P = 10−4).  
a, e, All photographs were taken by M.E.-A.
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Extended Data Fig. 2 | Geographical distributions of accessions 
and fitness values. a, Locations of A. thaliana accessions used in this 
experiment (orange), 1001 Genomes accessions (blue) and all sightings  
of the species in GBIF (black, https://doi.org/10.15468/dl.c3twww).  
b, c, Geographical origin of the 502 Eurasian native A. thaliana lines used 
in this study and their raw fitness data (number of offspring produced in 
each pot) in the experiments in Spain with low precipitation (b) and in 
Germany with high precipitation (c). Note the most successful genotypes 
in the Spanish experiment (b) come not only from central Spain, but also 
from other areas of the distribution with extreme climates, including 
north Sweden, eastern Europe, the Caucasus and Siberia, which supports 
our previous observations8. Note also that for the German experiment 
(c), there could be multiple explanations for the visual trend that lower 

latitude genotypes had an apparent high fitness, namely that those 
Mediterranean genotypes are more diverse (some with higher and some 
with lower fitness values than average), or that the climate in Germany 
during 2015–2016 favoured genotypes from warmer areas. d, e, Idealized 
representation of distributions of alleles associated with fitness in Spain 
and Germany as inferred from genome-wide environmental niche 
models (see Supplementary Methods I.VI). The most-significant fitness-
associated SNPs (if any) in each 0.5-Mb window of the genome were 
modelled (n = 414 in Spain, n = 279 in Germany). Colour scale indicates 
the percentage of locally present alleles with respect to the maximum 
number of positive fitness-related alleles identified in each experiment 
(maps were created using R v.3.4).
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Extended Data Fig. 3 | Simulation study of selection and genome-wide 
association model comparison. Out of the A. thaliana genome matrix of 
1,353,386 SNPs and 515 plants, we simulated that 1,000 randomly  
selected alleles were under natural selection (that is, the true selection 
coefficient drawn from a normal distribution around zero). Summing the 
selection coefficients that each of the 515 genotypes had based on their 
row in the genome matrix, we calculated their relative lifetime fitness.  
a, We then inferred the total selection coefficients s using a linear model 
as in Fig. 1 and compared them to the inferred estimates from a GBLUP-
based genome-wide association (GWA) model (that is, a population-
structure-corrected GWA), which we call direct selection coefficients in 
the main text (Supplementary Methods I.IV). Neither model infers the 
true simulated selection coefficients effectively. b, We were interested in 
studying the change in frequency of these 1,000 alleles after one generation 
of selection using individual-based simulations that sampled the genotypes 
for reproduction given their relative fitness. We compared the change 
in allele frequency in one generation (Δp = p1 − p0) with the inferred 
total selection coefficients and direct selection coefficients. The former, 
total selection coefficients, by summarizing direct and indirect effects of 
selection, perfectly coincide with the directionality of allele frequency 

changes. c, The total magnitude of allele frequency change also depends 
on the starting allele frequency of the allele under selection, which is 
described by the classic population genetics equation Δp = p(1 − p)s. 
Using our total selection coefficients and direct selection coefficients with 
this equation, we found an almost perfect relationship between predicted 
and realized allele frequency changes using total selection coefficients. 
d, To test whether the relationship in c can be extrapolated—that is, the 
relationship is not overly sensitive to differences in allele frequency and 
linkage disequilibrium in other A. thaliana subpopulations, we ran the 
individual-based simulations with a subset of 50 Spanish genotypes (out 
of the 515 genotypes) and repeated the comparison in c. The results 
indicate that total selection coefficients calculated from linear models are 
appropriate to understand the changes in allele frequencies in response to 
selection even when extrapolating to subpopulations with slightly different 
allele frequencies and linkage patterns. The regression statistics reported 
are: the adjusted R2, slope and regression P value, which were calculated 
using linear models of true compared with predicted values with n = 515. 
The 95% confidence interval of the regression is shaded in grey. (The 
code used to simulate and analyse these data can be found at https://doi.
org/10.5281/zenodo.1408095.).

https://doi.org/10.5281/zenodo.1408095
https://doi.org/10.5281/zenodo.1408095
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Extended Data Fig. 4 | Genome maps of survival and seed set 
components of fitness. Manhattan plots of SNPs significantly associated 
with fitness, using LM-GEMMA with the relative fitness averages of the 
515 genotypes and 1,353,386 SNPs in 8 different environments. SNPs that 

were significant after multiple comparison correction using FDR (black 
and grey for alternating chromosomes) or Bonferroni (red) approaches are 
shown. a, Analyses using only the survival fitness component. b, Analyses 
using only the fecundity component.
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Extended Data Fig. 5 | Genome-wide environmental selection model 
testing and alternative projections. a, Conceptual workflow of field 
validation procedure with data from published experiments25,26. This 
workflow was used for Fig. 3. b, Null expectation of predictability 
following the workflow shown in a with datasets randomizing fitness with 
genotypes. We could not find any model combination that had non-zero 
predictability (that is, all 95% bootstrap confidence intervals overlap with 
zero). c, Projections of selection intensity with real datasets as in Fig. 3 

using different climate change scenarios available from WorldClim (http://
worldclim.org/). The higher the predicted CO2 emissions, the stronger the 
predicted increase in selection intensity. rcp, representative concentration 
pathway. d, Map of predictions of selection change in 2050 as in Fig. 3 
but representing the net number of local alleles increasing or decreasing 
in selection Total n = 10,752 SNPs. Only changes in s of more than 5% 
between present and future projections were considered.

http://worldclim.org/
http://worldclim.org/
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Extended Data Fig. 6 | Distribution of synonymous, nonsynonymous 
and neutral polymorphisms across space. a, b, Fraction of all genome-
wide nonsynonymous a and synonymous b mutations present in the local 
genotype (n = 502 locations). c, Ratio of nonsynonymous to synonymous 
fractions (Kn/Ks). d–f, Spearman’s ρ correlation of Kn/Ks with degrees 
longitude (d), degrees latitude (e) and precipitation in July (f) (n = 502 
for all comparisons). High selection intensity (Fig. 3c) coincided 
with locations where natural lines have a lower-than-average ratio of 
nonsynonymous to synonymous polymorphisms (Spearman’s ρ = −0.276, 
P = 3 × 10−10; a, b), high local genetic diversity π (Spearman’s ρ = 0.187, 
P = 2.63×10−5; a, b) and elevated Tajima’s D (Spearman’s ρ = 0.161, 
P = 3 × 10−4; d–f and Fig. 3e) (see Supplementary Table 11). Various 
demographic scenarios could partially explain some of these patterns in 
isolation: bottlenecks can reduce the nonsynonymous polymorphisms 
because they are typically at low frequency, or high diversity might be 

found in old, large populations. However, all patterns are in agreement 
with stronger natural selection having acted more efficiently on 
nonsynonymous mutations in southern latitudes. In addition, high 
diversity could be driven by strong natural selection fluctuating over 
time, with alternative polymorphisms having been selected depending 
on interannual precipitation cycles (Fig. 3f). All in all, we did not find 
evidence that the warm edge of the geographical distribution of A. thaliana 
is formed by an increase in drift, which would cause small populations to 
accumulate nonsynonymous deleterious mutations and become genetically 
depauperate. Rather, our observations and predictions indicate that the 
species’ warm geographical limit is primarily defined by the environmental 
tolerance limits, where climate-driven natural selection limits the survival 
of individuals and populations outside the species range and only a few, 
highly specialized genotypes can survive near the range edges.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection The climate data used was downloaded from the public databases www.worldclim.org (version 1.4) and www.climatologylab.org/
terraclimate.html (2018 version).  
 
The genomic data used was downloaded from http://1001genomes.org/data/GMI-MPI/releases/v3.1/  and the genome reference from 
gene annotations was downloaded from https://www.arabidopsis.org/download_files/Genes/TAIR10_genome_release/TAIR10_gff3/
TAIR10_GFF3_genes_transposons.gff 
 
This study produced field data in the form of (1) manually input data (e.g. replicates, flowering time, survival) available as supplemental 
datasets in the online version of this study, (2) and image-based data. The image data was of two natures: top-view images of plants and 
studio images of plant inflorescences. All images, from where fruits and leaf area were estimated, are backed up and stored at the Max 
Planck Institute for Developmental Biology and available through ftp transfer (ca. 2Tb) upon request to weigel@weigelworld.org. The 
Max Planck Society requires storage of publication-relevant data for a minimum of 10 years. The Python modules to process images for 
green area segmentation and inflorescence analyses along with example datasets are available at http://github.com/
MoisesExpositoAlonso/hippo with doi:  10.5281/zenodo.1039888 and http://github.com/MoisesExpositoAlonso/hitfruit  with doi:  
10.5281/zenodo.2583262. The scripts for field data curation, an R package named dryAR, are available at http://github.com/
MoisesExpositoAlonso/dryAR with  doi: 10.5281/zenodo.2583224. 
 
To illustrate the relationship from GWA-based inferences and potential allele frequency changes in a population, we conducted 
simulations. The code is available at https://github.com/MoisesExpositoAlonso/selectioncorrelatedgenotypes with doi: 10.5281/
zenodo.1408095.     

Data analysis All statistical analyses were conducted using R version 3.4.1 and the packages randomForest v 4.6-12, raster v2.7-15, MCMCglmm v2.25, 
Caret v6.0-78, rrBLUP v4.6. 
 
For image analysis we used OpenCV v3.1 module in Python 2.7. 
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For genome analyses we used VCFtools v.0.1.12b, SnpEff v4.3p, PLINK v1.9, SweepFinder2, GEMMA v0.98.1. 

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers. 
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

Data availability statement included.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size We chose the best representation of the 1001 Genomes Project. Our criteria of exclusion was < 10X genome coverage of Illumina sequencing 
reads, and < 90% congruence of SNPs called from MPI and GMI pipelines, near-identical individuals (<<100,000 variants differences). After 
growing all the natural lines that passed these criteria in the greenhouse, we kept 517 lines  
 
The number of replicates per genotype were decided to be >10 based on expert knowledge and experimental feasibility. Finally, it was 12 
replicates per genotype, 7 single plant pots, and 5 population pots. 

Data exclusions Of the 517 natural lines used in the field experiment, we used 515 with available genomic data for genome-wide associations (Fig. 1). For 
geographic analyses of Fig. 2 and 3, we used 502 natural lines native to Eurasia, and  projection analyses were done within the geographic 
ranges of those (within 25 to 65º Latitude and -15 to 100º Longitude)

Replication In order to separate effects of geographic location and experimental setup from rainfall effect on plant fitness, we conducted low rainfall 
treatments in both locations, by setting up rainfall-exclusion foil tunnels. At each location, we also had two completely independent blocks 
(flooding tables) in order to validate within location rainfall repeatability. In addition, as stated above, each genotype was replicated 12 times 
in each environment. ANOVA results indicate strong reproducibility of plant responses to the experimental treatment within and across 
locations. These results can be found in the Supplemental Text. 

Randomization Genotypes were fully randomized within treatment blocks.

Blinding The experiment was conducted blindly. Firstly, genotypes were randomized and unlabeled, so experimenters were not aware of the origin/
identity of genotypes when taking measurements. Secondly, fitness was inferred from plant images, therefore any potential systematic bias in 
measurements would be shared across all genotypes.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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