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Abstract
Commercial crop varieties (cultivars) have a narrow genetic diversity that makes them
vulnerable to climate change. Yet most crops have related semi-domesticated varieties
(landraces) and wild relatives that thrive under climates that would be considered extreme for
cultivars. The genomes of such varieties are reservoirs of unknown adaptive traits, some of
which could be used to extend the climatic tolerance of cultivars.
To shed light on these traits, we built a genomic database of fourteen crop types, including
landraces and wild relatives of staple crops. This database included individual-level genomic
data for plants from over 3,000 locations worldwide. Leveraging remote sensing and climatic
models, we reconstructed bioclimatic conditions, soil types, and human disturbance for each
of these locations. Genes whose geographic variation correlates with an environmental
gradient are potentially implicated in local adaptation; if the same gene repeatedly shows this
association in different crops, its adaptive role is more likely.
We found 16 groups of genes showing such repeated environmental associations, mainly
linked to water availability and cold-season temperature. For some of these genes, the same
climate association was observed in 6, 7, or even up to 13 crop types. Using A. thaliana as a
reference, we found that many of these genes likely encode proteins already well known to
regulate cellular responses to drought and cold stress. Our findings suggest that natural
variation in these genes can enhance such responses, and that such variation exists in
landraces and wild relatives of different crops. If validated, this finding could open new
avenues to make cultivars more climate-tolerant via genomic-guided breeding.
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Introduction
Climate change poses a major challenge to agricultural systems and global food security (1).
One key issue is the narrow genetic diversity of commercial crop varieties (cultivars), a
consequence of centuries of domestication (2). Crops with limited genetic diversity require
stable climate conditions for optimal growth, typically maintained through irrigation, fertilizers,
and pesticides (3). However, as climate instability increases, reliance on these external
inputs will grow, making agricultural practices more challenging and less sustainable (4). A
recent study projected that, by the end of the century, climate change could reduce yields by
up to 27% for staple crops worldwide (5). Thus, there is an urgent need to develop new crop
varieties capable of withstanding extreme conditions, such as recurrent drought or degraded
soils (3).

Crop landraces and wild relatives could provide the genetic material to make cultivars
more climate-resilient (6). Landraces are local varieties maintained by traditional farming
systems, well adapted to their local growing conditions, minimizing the need for external
inputs. Crop wild relatives (CWR) are varieties that have completely escaped domestication
and thrive in the wild. Both landraces and wild relatives retain greater genetic diversity and
can grow under conditions considered extreme for cultivars (2). Therefore, their genomes
represent unexplored reservoirs of genetic diversity that could be leveraged to adapt
cultivars (7), for example by assisting breeding via genomic selection (8). For these
strategies to succeed, the genetic variants underpinning climate adaptation in landraces and
CWR must first be identified (9).

Genome-environment association (GEA) studies are an emergent approach to
identify genetic variants potentially underpinning climate adaptation in the field (10). DNA
from hundreds of individuals is first sampled across a species' range. Conditions at sampling
sites are then reconstructed using climatic and environmental models, characterizing
variables such as bioclimatic factors (11), topography (12), soil types (13, 14), or
anthropogenic influences (15). The DNA of each individual is sequenced genome-wide, and
genetic variation is compared across environmental gradients. The goal is to uncover genetic
variants whose geographic distribution associates with an environmental gradient, as they
may underpin an adaptive role (10).

Despite the promises, GEA studies often suffer from false discoveries, which arise
when the geographic distribution of genetic variants spuriously associates with an
environmental gradient (16). These false associations can be due to underlying population
structure, to local adaptation against unmeasured environmental conditions, or to chance
(16). One pioneering approach to filter out spurious associations relies on comparisons
across species (17). In this approach, parallel GEA analyses are performed on multiple
species against the same environmental variable. Orthologous genes showing a repeated
GEA in different species are prominent candidates for an adaptive role, because it is unlikely
for spurious associations to hit the same gene in different species by chance. This
cross-species GEA approach has shed light on candidate genes that might be repeatedly
involved in climate adaptation in distantly related plants—as distant as lodgepole pine and
Arabidopsis (18).

In this study, we investigated genetic variation associated with climate adaptation in
landraces and wild relatives of eight staple crops: barley, common bean, maize, rice,
sorghum, soybean, tepary bean, and tomato. We conducted a comparative GEA study
across these crops to identify genes with variants repeatedly linked to climate adaptation.
For the most promising candidate genes, we further investigated putative molecular functions
and phenotypic associations in the model plant species Arabidopsis thaliana.
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Figure 1. Genomic database of crop landraces and wild relatives. Shown is the geographic distribution of the individual
samples included in the database for (A) crop landraces and (B) crop wild relatives. Point colors correspond to the different crop
species shown on the right, with the respective sample size.

Results
A genetic diversity database for crop landraces and wild relatives

We built a genomic database to characterize geographic patterns of genetic variation in crop
landraces and CWR worldwide. The database compiled publicly available datasets from 13
published studies (19–31), covering 14 crop types: six species with both landrace and CWR
datasets (barley, common bean, maize, rice, soybean, tepary bean), one with landrace-only
data (sorghum), and one with wild relative-only data (tomato). The full database included
10,391 precisely georeferenced plants, each with individual-level SNP data.

We harmonized the genomic database by applying consistent filters for missingness,
allele frequencies, and linkage disequilibrium to all datasets (see Methods for details; Table
S1; Figure S1–S14). After filtering, the median number of SNPs per dataset was 54,201
(range: 4,346 to 583,642), and the median number of individuals was 274 (range: 78 to
1,676). The median number of sampling sites (samples collected up to 10 km apart) per
dataset was 112 (range: 35 to 1,307), with a median distance of 1,110 km between sites
(range: 187 to 3,884 km; Figure 1). For each dataset, we visually confirmed that the
observed patterns of genetic diversity aligned with those reported in the original publications
(e.g., isolation by distance or subspecies presence; Figure S1–S14).

3

79
80
81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

https://paperpile.com/c/tiZK3O/qOzS+2jbX+IWGf+1DN4+D8Ai+7Hqj+4g7Y+UIQU+fAAW+dWxt+yazS+7giS+wFBo


To facilitate downstream comparisons of genetic diversity across species, we
identified groups of orthologous genes across datasets (i.e., orthogroups), and retained only
SNPs mapping within these genes. The median number of SNPs retained per dataset was
24,707 (range: 1,403 to 151,898; Table 1), corresponding to a median of 6,377 orthologous
genes per dataset (range: 952 to 14,975; Table S2).

Table 1. Crop types in the genomic database. The table summarizes the 14 crop type datasets included in the database. For
each crop type dataset, shown are the original dataset source, the species name, the number of individual samples (# Sam.),
the number of SNPs characterized, the number of sampling sites (# Sam. sites), and their geographic extent in km (i.e., median
distance across sampling sites).

# Crop types Original dataset Species name #
Sam. # SNPs

#
sam.
sites

Geo.
ext. [km]

1 Barley landraces Chen et al. 2022
(19) Hordeum vulgare

388 46,890 299 3087

2 Barley wild relatives 264 72,272 177 624

3 Common bean landraces Wu et al. 2020
(28) Phaseolus vulgaris 476 13,164 238 1370

4 Common bean wild
relatives

López-Hernández
and Cortés 2019

(21)
Phaseolus vulgaris 78 7,032 69 2159

5 Maize landraces Aiyesa et al. 2025
(22) Zea mays 332 34,784 35 845

6 Maize wild relatives Chen et al. 2022
(20)

Zea mays subsp.
mexicana

Zea mays subsp.
parviglumis

151 121,116 84 187

7 Rice landraces

Gutaker et al. 2020
(23)

Wang et al. 2018
(24)

Oryza sativa 1272 14,631 503 2207

8 Rice wild relatives

Bedford et al. 2023
(25)

Huang et al. 2012
(26)

Oryza rufipogon 284 91,715 129 1273

9 Sorghum landraces Lasky et al. 2015
(27) Sorghum bicolor 1676 8,449 1307 3884

10 Soybean landraces
Zhang et al. 2022

(29)

Glycine max 451 103,101 80 1141

11 Soybean wild relatives Glycine soja 174 151,898 104 1080

12 Tepary bean landraces Bornowski et al.
2023
(30)

Phaseolus
acutifolius A. Gray

148 2,704 86 798

13 Tepary bean wild
relatives 154 8,816 90 551

14 Tomato wild relatives
Gibson and Moyle

2020
(31)

Solanum
pimpinellifolium

139 1,403 120 535

Repeated Genome-Environment Associations in different crops

To identify genes potentially involved in crop climate adaptation, we conducted 14 parallel
GEA analyses, one for each crop type dataset. In each analysis, we assessed the
association between genetic variation in orthogroups and 43 environmental gradients
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(including bioclimatic conditions, soil types, topography, and proxies of human activity; Table
S3; Figure S15–S16). Two GEA methods were employed: Latent Factor Mixed Model [LFMM
(32); Figure S17, S18A] and Kendall Rank Correlation (τ; Figures S17, S18B). Results from
both methods were compared across datasets, aiming to identify orthogroups repeatedly
associated with the same environmental variable in different crop types (Figure 2; Table S4).

We found 5 orthogroups with significant repetition of adaptive signals (q < 0.05), 2
identified under the LFMM analysis and 3 under the τ approach. When we considered
marginally significant signals (q < 0.2), candidate adaptive orthogroups were 16 (9 from
LFMM and 7 from the τ approach; Figure S19–S33). For these 16 orthogroups, the median
number of crops involved in the repetition was 4 (range: 2–13). Repeated adaptive signals
were most frequently observed in wild relatives of soybean (12 orthogroups), maize (9), rice
(7), barley (7) and in landraces of barley (7) and soybean (9). In nearly all significant
orthogroups (15/16), the repetition of adaptive signals was observed in at least one
landrace–CWR pair of the same crop. Most significant orthogroups (13/16) were associated
with a single environmental variable (Table S4), with the most common being Volumetric soil
water (7 genes), Aridity (3 genes) and Mean temperature in the coldest quarter (2 genes).

Functional profiling of candidate adaptive orthogroups

We then wanted to investigate the potential function of the 16 orthogroups showing repeated
adaptive signals in different crop types. Therefore, we focused on the well-characterized A.
thaliana orthologs and retrieved their Gene Ontology [GO (33)] annotations (Table S5).
Under an enrichment analysis focusing on these orthologs, we found 35 GO terms for
biological processes as significantly overrepresented (FDR < 0.05; Table S6). These 35 GO
terms spanned across six semantic groups of the biological processes ontology (Figure 3A).
We also investigated whether these A. thaliana orthologs had been linked to phenotypic
variation in previous genome-wide association studies (GWAS). Using the araGWAS
database (34), we retrieved standardized GWAS results for 438 phenotypes, spanning 71
Plant Trait Ontology (PTO) terms [Table S5; (35)]. For each orthogroup, we identified the
most strongly associated phenotype, which spanned across 8 PTO terms (Figure 3B).

For orthogroups associated with Volumetric Soil Water, A. thaliana orthologs were
most frequently annotated with GO terms related to responses to water deprivation or salt
stress (3/7 orthogroups). In previous GWAS, these orthologs were also repeatedly
associated with root growth and morphology phenotypes (4/7 orthogroups). The top
orthogroup under τ approach (OG0002438, q = 0.003; Figure 4) is a notable example where
the A. thaliana orthologs feature both GO annotation for salt stress response and phenotypic
association with root branching–––although this association is not significant after multiple
testing correction. Additional notable orthogroups associated with volumetric soil water are
OG0006158 (q = 0.109; Figure S32) and OG0000277 (q = 0.193; Figure S27), as their A.
thaliana orthologs are linked with GO terms on water deprivation response, and they also
showed significant phenotypic associations with days to flowering and root morphology traits.
Of note, OG0000277 is the orthogroup with the largest repetition of GEA signals across crop
types—including all crops except tomato wild relatives.

For orthogroups associated with Mean Temperature During the Coldest Quarter
(OG0000035, q = 0.014, Figure S28; OG0006533, q = 0.014; Figure S29), A. thaliana
orthologs were annotated with GO terms related to calcium homeostasis, transport, or
signaling and were associated with phenotypic variation in days to flowering traits. The top
orthogroup under LFMM was also associated with multiple temperature-related variables
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(Table S4), with the best association being Growing Degree Days (OG0005468, q = 0.001;
Figure S19). The orthogroup’s A. thaliana ortholog is linked to GO terms for cold response,
and was linked to days to flowering traits––although this association was not significant after
multiple testing corrections.

For the remaining candidate orthogroups (associated with Aridity, Nitrogen
Concentration, or Precipitation Seasonality), A. thaliana orthologs showed no particular GO
term enrichment nor recurrent associations with specific phenotypic traits.

Figure 2. Orthogroups with repeated environmental associations across crop types. Shown are the orthogroups (rows)
that showed a significant (q < 0.05) or marginally significant (q < 0.2) repetition of associations with the same environmental
variable in different crop types (columns; LA = landraces, WR = wild relatives). Orthogroups are sorted by environmental
variable (indicated on the left). In the central part of the figure, each plot shows the genome-environment association (GEA)
between the allele frequency of each SNP in the orthogroup genes (y-axis) and the environmental variable (x-axis). Solid lines
represent GEA from LFMM; dotted lines from the τ approach. Flat regression lines indicate a weak GEA, whereas lines with a
steeper slope indicate a stronger GEA. Whitened plots indicate GEA associations that were not involved in the repetition across
crop types. The barplot on the right shows the significance of the GEA repetition across crop types [−log10(q) from the rank
analysis of Picmin]. Numbers next to the bars indicate the number of crop types involved in the repetition, out of the total
number of crop types for which the orthogroup genes were genotyped. The barplot on top indicates the number of repeated
signals that each crop type contributed to.
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Figure 3. Functional annotation of top orthogroups. The figure summarizes the functional annotations of the Arabidopsis
thaliana orthologs for each orthogroup with a repeated signal of environmental association in different crop types. Orthogroup
identifiers are reported on the left, grouped by the environmental variable involved in the association. (A) Functional annotation
based on Gene Ontology (GO) terms for Biological Processes (33). GO terms that were significantly overrepresented across the
A. thaliana orthologs were grouped into six categories based on semantic similarity (bottom axis). Points in the grid indicate
orthogroups whose A. thaliana orthologs are annotated with specific GO terms. The barplot on top shows the total count of a
given annotation across all orthogroups. (B) Functional annotation based on phenotypic associations from previous
genome-wide association studies (34). The phenotypes most strongly associated with each A. thaliana orthogroup were
grouped according to the Plant Trait Ontology [bottom axis; (35)]. Points in the grid indicate which phenotype group is
associated with which orthogroup. The barplot on top summarizes phenotype counts across orthogroups. Solid points and bars
indicate phenotypes with a significant association after multiple testing corrections.
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Figure 4. Repeated association with volumetric soil water in the OG0002438 orthogroup. Shown is the association with
volumetric soil water in the OG0002438 orthologs across seven different crop types (A–G). For each crop type, shown are (from
left to right): a Manhattan plot of the genome-wide associations with volumetric soil water, highlighting the position of the
OG0002438 orthologs (in purple, with their operational p-value); a boxplot showing the genotype distribution across different
levels of volumetric soil water for the top SNP underlying the orthogroup association (colored points represent median, bars
interquartile range, points in the background are individual values); a map showing the geographic distribution of volumetric soil
water in the study area; and a map showing the distribution of allele frequencies across the study area for the top SNP
underlying the orthogroup association (for display purposes, the map points group samples located up 50 km apart).
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Discussion
Prominent candidate adaptive orthogroups

For the majority of the candidate adaptive orthogroups (14/16), we identified one or more
orthologs in the A. thaliana genome. In several cases, these orthologs had functional
annotations or phenotypic associations that aligned with the orthogroup's climate
association. While these functional annotations must be interpreted with caution (36), they
can provide additional support for the putative role of candidate adaptive orthogroups (10).
Below, we discuss five candidate adaptive orthogroups that appear particularly promising
when considering the strength of the repeated signal, the number of crop types involved, the
associated climate variable, the functional annotations, and previous evidence about the
molecular role.

- OG0002438 was the top orthogroup under the τ approach and showed repeated
association with Volumetric Soil Water in seven crop types (landraces of barley and
maize, and wild relatives of barley, common bean, maize, soybean, and tepary bean).
This orthogroup has two A. thaliana orthologs that were associated with root
morphology changes under abscisic acid and salt stress treatment in previous GWAS
(37, 38)––although these associations were not significant after multiple testing
corrections. These orthologs encode E3 ubiquitin-protein ligases (RZF1 and RHC1A),
which are well known to be involved in responses to abiotic stress in many crops
(39). Indeed, a targeted mutagenesis experiment in A. thaliana suggested RZF1 to
be an important regulator of water deficit stress during the early seedling
development (40).

- OG0000277 showed an outstanding repetition of association with Volumetric soil
water, including all crop types except tomato wild relatives. Its A. thaliana orthologs
encode multiple versions of Dehydration-responsive element-binding protein 1
(DREB1A–F), a transcriptional activator that mediates dehydration-inducible
responses (41) and that had been associated with salt-induced changes in root
architecture in a previous GWAS (37).

- OG0006158 was associated with Volumetric soil water in three crop types (landraces
of barley and soybean, and soybean wild relatives). Its A. thaliana orthologs encode
two Desiccation-related proteins (LEA14 and LEA2R), one of which was significantly
associated with flowering time in simulated seasons in a previous GWAS (42).
Proteins from this family, called LEA (Late Embryogenesis Abundant), have been
proposed to mitigate the intracellular damage due to water deprivation in multiple
crops (43–46).

- OG0005468 is the orthogroup showing the strongest repetition of adaptive signals
under the LFMM approach. The orthogroup was associated with Growing Degree
Days in five crop types (maize landraces and wild relatives of maize, barley, rice, and
soybean) and was also significantly associated with five other temperature-related
variables (Table S4). A. thaliana has one ortholog in this orthogroup, encoding
3-oxoacyl synthase II (KASC2), a protein shown in a mutagenesis experiment to
confer cold resistance by maintaining chloroplast membrane integrity (47).

- OG0000035 was associated with Mean Temperature in the Coldest Quarter in three
crop types (soybean landraces and wild relatives of soybean and maize). A. thaliana
has multiple orthologs in this group coding for multiple types of Glutamate receptor 2
(GLR2.1–9), with one of these having been significantly associated with flowering
time in simulated seasons in a previous GWAS (48). Other A. thaliana Glutamate
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receptors (GLR1.2–3) have been suggested to promote cold tolerance by regulating
jasmonate signaling in a mutagenesis experiment (49).

These five orthogroups represent prominent candidates for an adaptive role in crops. For
most of these orthogroups, A. thaliana annotations already suggested that they are important
contributors to responses to either water deprivation or cold stress. Our results suggest that
genetic variation exists in these genes across diverse wild and semi-domesticated crops,
and that this variation might extend the tolerance range against these climatic stressors.
Future studies should harness genetic variation in these orthogroups across different crop
types and rigorously test whether specific genotypes provide superior environmental
tolerance in controlled trials (9, 10).

Cross-species GEA to find candidate adaptive genes in crops

Genome-environment association (GEA) analyses are a promising tool to uncover adaptive
genetic variation in crops (10). However, when focusing on a single species, GEA analyses
often struggle to balance sensitivity with specificity (16). Our investigation confirms this
challenge: while we applied identical GEA workflows to 14 crop datasets, the number of
significant genes identified varied considerably across workflows (LFMM vs. the τ approach),
crop types, and environmental variables (Figure S19). The only common pattern that
emerged is that GEA on crop wild relatives (CWR) tended to identify a larger fraction of
climate-associated genes compared to landraces (Figure S18). This result might reflect the
broader adaptive potential of wild varieties to natural environments compared to
semi-domesticated ones (2).

The specificity challenge of single-species GEA can be partially addressed via
cross-species comparisons (17). Our search for repeated GEA signals across different crop
types allowed us to filter out spurious associations, likely reducing false discoveries. In the
robust subset of retained GEA signals, Volumetric soil water and Aridity emerged as the
most prominent environmental variables, together associated with 10 of the 16 candidate
adaptive orthogroups. These variables are proxies for water availability in the soil, likely
representing a major selective barrier in wild crops, but also in landraces as they are typically
not reliant on artificial irrigation (3).

Cross-species comparisons can also increase sensitivity in single-species GEA (17).
Our results showed that candidate adaptive orthogroups identified across crop types rarely
included genes underlying the strongest GEA signals in individual datasets. Instead, these
orthogroups often included genes that would fall below the significance threshold in
single-species GEA. This finding aligns with recent simulations indicating that adaptive
genotypes are not always those forming the strongest association with a climate
gradient—particularly when polygenicity and pleiotropy are involved (50).

The first application of cross-species GEA analyses demonstrated the potential of this
approach, enabling the identification of candidate adaptive genes across distantly related
plants, from lodgepole pine to Arabidopsis (18). In comparison, our analysis focused on more
closely related species—all annuals, and in some cases, landraces and wild relatives of the
same species. The narrower taxonomic range likely explains why we obtained stronger
signals compared to the first study (roughly twice as many orthogroups with FDR < 0.2,
using about half the datasets). This comparison suggests that the power of cross-species
GEA can be enhanced by focusing on closely related taxa.

10

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

https://paperpile.com/c/tiZK3O/Rao0
https://paperpile.com/c/tiZK3O/AOPl+e98r
https://paperpile.com/c/tiZK3O/AOPl
https://paperpile.com/c/tiZK3O/wh26
https://paperpile.com/c/tiZK3O/onGI
https://paperpile.com/c/tiZK3O/UI0D
https://paperpile.com/c/tiZK3O/cksf
https://paperpile.com/c/tiZK3O/UI0D
https://paperpile.com/c/tiZK3O/vmal
https://paperpile.com/c/tiZK3O/xRyO


Limitations and perspectives

This study is the first attempt to compare repeated GEA signals across different crops to
identify genes potentially underlying climate adaptation. We successfully identified several
such genes, despite leveraging diverse public datasets that were not optimized for GEA
analyses. Future studies should focus on extending this approach to additional staple crops,
for example by leveraging seed bank collections, for which appropriate population genomics
datasets are not yet available. Such new studies could substantially enhance the power of
this approach by addressing important methodological aspects that we could not tackle here.

Sampling strategy is crucial to ensure statistical power in GEA studies (16), and
some of our datasets were likely suboptimal in this regard. Simulation-based guidelines
recommend using overall sample sizes of at least 200 individuals and selecting sampling
sites that maximize the environmental contrasts of interest (51). In practice, this could be
achieved by accessing geographic metadata from seed banks and selecting seeds that best
cover the gradients of interest.

Genotyping strategy is another important element to consider. Our results clearly
indicated that datasets with a larger number of SNPs were more likely to be involved in
repeated GEA signals. Since our analysis is based on orthogroup comparisons, whole
exome sequencing [as used in the barley datasets (19)] would be a more cost-effective
approach than whole genome sequencing. However, future studies should also consider
whether sequence orthology can be found outside coding regions (e.g., in regulatory
sequences), as this would open the search for adaptive loci in unexplored genomic regions.
Furthermore, our analysis relied solely on SNPs, but other types of genetic variants exist
(e.g., indels, deletions, inversions, translocations, or duplications) and are more likely to
underlie major phenotypic changes (52). Emerging genotyping techniques such as k-mers
analysis can characterize such variants, and would likely provide a more comprehensive
view of adaptive genetic variation (53).

The final consideration concerns the methods used to run the GEA analysis. Our
approach treated orthogroups as independent from each other, largely overlooking the
polygenic architectures underlying climate adaptation. Future studies should explore new
avenues to test the repeatability of GEA not only by gene orthology but also by gene
function. Focusing on repeatability by function rather than by orthology would allow
researchers to consider adaptive loci that evolved in single crop types. Such loci likely
remain a substantial fraction of all adaptive loci in a crop genome (54), and were missed in
our study.
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Methods
Genomic datasets selection

The genomic data used in this study were retrieved from published datasets. In June 2025,
we ran a manual search in the peer-reviewed literature (Web of Science and Google
Scholar) for articles matching the keywords "crop landraces", "crop wild relatives",
"population genomics", "genotype-environment associations", or "genome-wide association
study". We then manually screened these articles and retained those that:

1) Included genotypic data for at least 50 individual samples of a crop landrace and/or a
wild relative;

2) Provided genotypic data characterized as genome-wide single nucleotide
polymorphisms (SNPs; e.g., from whole genome sequencing, restriction
site-associated DNA sequencing, genotype-by-sequencing, exome sequencing, or
transcriptome sequencing);

3) Made genotypic data publicly available as a genotype matrix (e.g., variant calling
format or similar, available in supplementary materials with no access on request);

4) Included precise georeferencing (i.e., coordinates) of genotyped individuals, publicly
available (e.g., in supplementary materials with no access on request);

5) Used a genome reference that was publicly available in online repositories (such as
NCBI or Phytozome), including chromosome sequences (i.e., nucleotide fasta format)
annotations of gene products (e.g., gene feature or gene transfer format) and protein
sequences (i.e., amino acids fasta format).

After applying these filtering criteria, 11 datasets were retained (Table 1): three included both
landrace and wild relative samples [barley (19), soybean (29), and tepary bean (30)], four
included landrace-only samples [common bean (28), corn (22), rice (23, 24), and sorghum
(27)], and four included wild relative-only samples (common bean (21), corn (20), rice (25,
26), and tomato (31)].

Preliminary filtering of genotype matrices

For each genomic dataset, we downloaded the genotype matrix and converted it to standard
variant calling format (VCF) using bcftools [v. 1.16; (55)], PLINK [v. 1.90; (56)], or TASSEL
[v. 5.2.89; (57)], depending on the original format. We then mapped the position of every
SNP in the genotype matrix to genes in the reference genome using a custom script in R
[v. 4.3.2; available in the online material; (58)]. We applied multiple filters to the genotype
matrix of each dataset using bcftools. Specifically, we retained only bi-allelic SNPs located
within coding sequences. We also applied soft filters to exclude rare variants (minor allele
frequency < 1%) and SNPs with excessive missing calls (present in > 50% of individuals).
Finally, we applied a linkage disequilibrium filter, discarding SNPs with an r2 coefficient > 0.9
within a 1,000-nucleotide window. This filtering step aimed to remove nearly identical SNPs,
ensuring datasets with varying SNP densities (e.g., whole genome sequencing vs. restriction
site-associated DNA sequencing) could be processed downstream using the same analytical
pipeline.

Population structure analysis of crop varieties

Genotype-environment association (GEA) analyses can lose statistical power when datasets
include highly divergent populations (e.g., distinct lineages) (16). To anticipate this issue,
datasets including both landrace and wild relative varieties (barley, soybean, and tepary
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bean) were divided into two derived datasets (Table 1). These splits resulted in 14 derived
datasets (seven for landraces and seven for wild relatives, Table 1).

We processed the genotype matrix of each derived dataset independently, retaining
only individuals with available georeferencing for their sampling sites. Using the SNPrelate R
package [v. 1.36.1; (59)], we applied standard GEA preparatory filters for minor allele
frequency (> 5%) and missing rate (< 10% per SNP and per sample). We then performed a
principal coordinate analysis (PCoA) on the filtered genotype matrix to verify that the genetic
structure qualitatively aligned with the geographic distribution of samples (Figure S1-S14).

Finally, we imputed missing genotype calls in each matrix using the LEA R package
[v. 3.12.2; (60)]. The optimal number of ancestral populations (K) was estimated via the
cross-entropy criterion, running the snmf function iteratively (K = 1 to 20, five replicates,
1,000 random SNPs; Figure S34). The optimal K was determined when increasing to K+1
did not significantly reduce cross-entropy (Welch t-test, P < 0.01). Missing genotypes were
imputed using the impute function, accounting for shared ancestry under the optimal K.
Median imputation accuracy was 0.84 (IQR = 0.07), assessed on 1,000 randomly masked
genotypes before imputation (Table S1).

Environmental data

The environmental characterization of the sampling sites included 43 variables, derived from
four public datasets (Table S3):

- The "Global bioclimatic indicators from 1979 to 2018 derived from reanalysis" dataset
[Copernicus Climate Data Store, v. 1; (61)]. This dataset provides 19 bioclimatic
variables at 0.5 decimal degree (~50 km) resolution, based on the ERA5 climate
model. We used 1979–2018 long-term averages, retaining variables that describe
yearly and seasonal temperature and precipitation regimes [calculated as those in
Bioclim; (11, 61)], as well as variables describing aridity, cloud cover, evaporative
fraction, growing degree days, potential evaporation, volumetric soil water, annual
summer days, annual dry days, maximal dry spell length, maximal dry spell intensity,
and annual frost days.

- The "SoilGrids" dataset, a global predictive model of soil chemical and physical
properties (13). We extracted 1 km aggregate variables (January 2023 release) for
the 0–5 cm depth interval, including bulk density, cation exchange capacity (pH 7),
coarse fragments, clay content, nitrogen concentration, organic carbon density, soil
organic carbon stock, pH (water), and sand and silt fractions.

- The "Consensus Land Cover" product [EarthEnv, v. 1; (15)], offering 1 km global
satellite-derived land cover data for 12 classes. We focused on two human
activity-related classes—"Cultivated and Managed Vegetation" and
"Urban/Built-up"—and calculated their average prevalence on a 1 decimal degree
(~100 km) global grid.

- The "Global Multiresolution Topography" dataset [v. 4.4; (12)], providing worldwide
topographic characterization at ~0.03 degree (~3 km) resolution.

All 43 environmental variables were prepared using the terra R package [v. 1.8-54; (62)],
which was also used to extract the point values for each sampling site.

Since the ten SoilGrids variables exhibited substantial missing data (median = 0.15,
IQR = 0.15; Table S7), we imputed missing values using a Random Forest model trained on
longitude, latitude, and the remaining 33 environmental variables. Imputation was performed
with the missForest R package [v. 1.5; (63)]. To assess imputation accuracy, we masked
known SoilGrids values (replicating each dataset’s missingness proportion), ran the
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imputation, and evaluated the correlation between real and imputed values (Pearson R).
Imputed values showed high correlation with real values in all datasets (median R = 0.90
[IQR=0.07]; Figure S35–S36).

Genotype-environment associations in orthologous genes

For each of the 14 datasets, we characterized genotype-environment associations (GEA) for
the same environmental conditions across orthologous genes. Orthologous genes were
identified using OrthoFinder [v. 3.1.0; (64)] on protein sequences from each reference
genome. To ensure high-quality gene function annotation (see the “Functional annotation of
candidate adaptive genes” section), we also included protein sequences from the A. thaliana
reference genome [Ensembl Plants, TAIR10 release; (65)] in the orthogroup classification.

We focused solely on SNPs located in orthologous genes and evaluated their
association with environmental variation. GEA analyses were conducted separately for each
dataset using two complementary approaches:

- Latent Factor Mixed Model (LFMM): LFMM assesses the linear association between
each SNP’s genotypic variation and environmental variation, while accounting for
shared ancestry (as characterized in the "Population structure analysis of crop
varieties" section). For each of the 43 environmental variables, we calculated the
association of every SNP with the focal variable and adjusted the resulting P-values
for the Genomic Inflation Factor using the LFMM R package [v. 1.1; (32)].

- Kendall Rank Correlation Coefficients (τ): Unlike LFMM, this method does not
account for population structure but can detect non-linear genotype-environment
associations (18). For each of the 43 environmental variables, τ values from SNP
associations were converted to absolute values, ranked, and transformed into
empirical P-values.

Finally, we merged GEA results by orthologous gene using the Weighted Z-Score Approach
[WZA; December 2023 release; (66)]. WZA combines association signals from multiple
SNPs within a gene by weighting P-values according to allele frequencies (i.e., prioritizing
more heterozygous SNPs). WZA was applied separately to LFMM and τ P-values for each
dataset.

Cross-datasets comparison

We compared genotype-environment associations (GEA) in orthologous genes across
species using PicMin [v. 0.0.0.9; (17)]. PicMin ranks orthologous genes in each dataset by
GEA significance, and then assesses whether rank distributions across datasets deviate
from random expectations. For a given environmental variable, orthologous genes
consistently ranked highly (i.e., strong GEAs) across datasets are strong candidates for an
adaptive role. We applied PicMin to each of the 43 environmental variables, searching for
adaptive signals in orthologous genes present in at least 3 of the 14 datasets. Two PicMin
analyses were performed: one using LFMM-derived P-values and another using τ-derived
P-values.

The significance of the repeated adaptive signals was assessed using the PicMin
rank analysis P-value, adjusted into a Q-value (q) that corrects for 1) false discovery rate
[FDR; (67)] and 2) the uneven distribution of orthologous genes across datasets. We defined
candidate adaptive orthogroups as those with a statistically significant repetition of adaptive
signals (q < 0.05), but also reported marginally significant signals (q < 0.2). Although the 0.2
threshold introduces more uncertainty, it allowed us to explore a broader set of candidate
adaptive orthogroups and compare their putative functions. This approach aligns with the
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first application of PicMin to a taxonomically diverse set of plant species (from trees to
annual plants), where a permissive threshold of q = 0.5 was used (18).

Functional annotation of candidate adaptive genes

For every group of candidate adaptive orthogroups, we further characterized the putative
molecular role of their A. thaliana orthologs [annotation of the TAIR10 release, v 3.1; (65).
We used A. thaliana as a reference due to its high-quality DNA and protein sequence
annotations, and the extensive availability of genome-wide association studies (GWAS)
linking SNP variation to diverse phenotypes. Each ortholog was annotated using three
resources:

1) Gene ontology annotations: We retrieved manually reviewed protein annotations from
UniProt [accessed July 2026; (68)] and extracted protein names and Gene Ontology
(GO) terms for Biological Process, Molecular Function, and Cellular Component (33).

2) SNP classification: We accessed the A. thaliana 1001 Genome Project database (69)
and retrieved annotations describing the predicted effect of every SNP in the gene
sequence [TAIR10 assembly, v. 3.1; (65)].

3) Phenotypic associations: Using the AraGWAS Catalog [accessed in July 2026; (34)],
we retrieved standardized association scores (–log10P) for every SNP in the ortholog.
AraGWAS included standardized results from 28 GWAS studies across 438
phenotypes, storing associations with scores ≥4 (i.e., P < 0.0001) and flagging those
significant after Bonferroni correction for multiple testing.

To summarize Gene Ontology (GO) annotations across candidate adaptive genes, we
performed a gene set enrichment analysis using Panther [release 19.0; (70)]. This analysis
identified GO terms significantly overrepresented (FDR-corrected P < 0.05) among candidate
genes, compared to all annotated genes in the A. thaliana reference genome. We excluded
enriched terms that referred to high level biological processes (e.g., “localization”), using the
exclusion list for high level terms provided by the Gene Ontology Consortium [accessed in
September 2026; (71)]. To facilitate the visualization of the enrichment analysis, we manually
grouped the remaining enriched terms by considering the ontology hierarchical structure and
semantic similarity (for ex., GO terms response to cold and cold acclimation were grouped
into a “Response to cold” category), and calculated the average fold enrichment in every
group.
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