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Significance 32 

Global adaptation occurs when a species undergoes selection toward a common optimum throughout 33 
its natural range. While instances of global adaptation are widespread in the literature, there is a 34 
shortage of comparative studies aimed at understanding its genetic architecture and how it contrasts 35 
with that of local adaptation. This research compares global selective sweeps across 17 plant species 36 
to uncover the attributes of the genetic loci repeatedly involved in adaptation. We show that global 37 
adaptation tends to rely on genes with reduced pleiotropy and is characterized by increased levels of 38 
gene duplication. This finding contrasts with recent observations of increased pleiotropy in genes 39 
driving local adaptation, reflecting the opposing dynamics underlying these two evolutionary 40 
processes.  41 

 42 

Abstract 43 

Global adaptation occurs when all populations of a species undergo selection toward a common 44 
optimum. This can occur by a hard selective sweep with the emergence of a new globally 45 
advantageous allele that spreads throughout a species' natural range until reaching fixation. This 46 
evolutionary process leaves a temporary trace in the region affected, which is detectable using 47 
population genomic methods. While selective sweeps have been identified in many species, there 48 
have been few comparative and systematic studies of the genes involved in global adaptation. 49 
Building upon recent findings showing repeated genetic basis of local adaptation across independent 50 
populations and species, we asked whether certain genes play a more significant role in driving global 51 
adaptation across plant species. To address this question, we scanned the genomes of 17 plant and 52 
forest tree species to identify signals of repeated global selective sweeps. Despite the substantial 53 
evolutionary distance between the species analysed, we identified several gene families with strong 54 
evidence of repeated positive selection. These gene families tend to be enriched for reduced 55 
pleiotropy, consistent with predictions from Fisher's evolutionary model and the cost of complexity 56 
hypothesis. We also found that genes with repeated sweeps exhibit elevated levels of gene 57 
duplication. Our findings contrast with recent observations of increased pleiotropy in genes driving 58 
local adaptation, consistent with predictions based on the theory of migration-selection balance. 59 

 60 

Introduction 61 

Plant species occupy a wide range of niches, adopt very different life history strategies, and inhabit 62 
environments with drastically different biotic pressures (1). Due to their sessile nature, plants must 63 
contend with the biotic and abiotic stresses they encounter directly in their environment, therefore 64 
phenotypic plasticity and genomic adaptation are of critical importance in the plant kingdom (1). To no 65 
surprise, local adaptation has been more commonly detected in plants than in animals (2,3,4,5).  66 

Local adaptation occurs when a species inhabits a heterogeneous environment with spatial variability 67 
in the optimal phenotype. This can lead to the evolution of spatially differentiated genotypes along 68 
environmental gradients that exhibit fitness trade-offs when transplanted, with local genotypes 69 
providing higher fitness than foreign (4,5,6). By contrast, global adaptation occurs when all 70 
populations of a species experience selection towards the same optimum, resulting in the gradual 71 
refinement of a trait that is advantageous throughout all the environments inhabited by a species, 72 
such as the evolution of opposable thumbs in ancestral humans (6). While both global and local 73 
adaptation involve positive selection, the tension between migration and divergent natural selection 74 
inherent in local adaptation can result in different predictions about the evolution of genetic 75 
architecture. Local adaptation will tend to involve alleles that are larger and more tightly linked than 76 
global adaptation, as such architectures are better able to resist the homogenizing effect of migration 77 
(6). However, while this is a clear theoretical prediction, it has not been extensively tested using 78 
empirical data. 79 

.CC-BY 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 3, 2024. ; https://doi.org/10.1101/2024.04.02.587814doi: bioRxiv preprint 

https://doi.org/10.1101/2024.04.02.587814
http://creativecommons.org/licenses/by/4.0/


3 
 

At the molecular level, global adaptation can occur via hard or soft selective sweeps or through more 80 
subtle shifts in allele frequency at many loci (7). With a hard selective sweep (8,9,10) a new globally 81 
advantageous mutation rapidly spreads throughout a species’ natural range until it reaches fixation. 82 
During this process, the affected genomic region displays a distinctive signature marked by 83 
diminished genetic diversity and increased homozygosity, a shift of the site frequency spectrum (SFS) 84 
toward low and high-frequency variants (11,12), and particular patterns of linkage disequilibrium (LD) 85 
characterized by elevated LD on each side of the selected site and decreased LD between sites 86 
located on different sides (13). This trace can be detected by scanning intraspecific genetic data, and 87 
various population genomics methods have been developed to detect sweeps (10,14,15). After 88 
fixation of the beneficial variant, new mutations and recombination in the region slowly decay the 89 
genomic signature typical of a hard selective sweep, therefore genomic scans can only detect hard 90 
sweeps within a restricted time frame (14). Global adaptation can also arise through positive selection 91 
on standing genetic variation, which tends to result in soft selective sweeps (16) or more subtle allele 92 
frequency shifts at many loci (7). When a beneficial variant is already segregating in a population 93 
before being subjected to positive selection, the selective process does not affect linked neutral 94 
polymorphisms as much as in hard-selective sweeps, making the detection of soft-sweeps much 95 
more challenging (10,16). 96 

While selective sweeps have been reported in many species across both plants and animal kingdoms 97 
(17,18,19,20,21,22,23,24,25,26,27,28,29,30,31), there has been limited comparative and systematic 98 
genome-wide study of the repeatability of gene involvement in global adaptation across multiple 99 
species. On the other hand, several studies have demonstrated that the same genetic loci are 100 
observed repeatedly driving local adaptation in different populations or species 101 
(32,33,34,35,36,37,38,39,40,41). Whether adaptation is local or global, one important factor affecting 102 
the extent of repeatability is genetic redundancy. If a given adaptive trait is characterized by limited 103 
genetic redundancy (6), few loci are available to produce the mutations needed to reach the 104 
phenotypic optimum, therefore more repeatability is expected. In such cases, adaptive loci usually 105 
have large effects, a pattern that has recently emerged for several cases of local adaptation (42). On 106 
the other hand, if a trait is highly polygenic and driven by numerous alleles of small and 107 
interchangeable effect (6,43), a multitude of genotypes could potentially yield the same optimum 108 
phenotype. In such cases, fewer loci are expected to exhibit repeated contributions to adaptation in 109 
independent bouts of evolution across species or lineages. 110 

As repeated genetic basis of adaptation has been identified among different populations and in 111 
closely related species, it is intriguing to assess whether repeatability is observed at greater 112 
phylogenetic distances (41, 44). It is expected that more recently diverged lineages will demonstrate a 113 
higher degree of shared gene utilization in adaptation, owing to limited functional differentiation, 114 
increased allele sharing, comparable genomic architecture, and similar life histories/adaptive 115 
strategies (41). Also, while factors such as pleiotropy, mutability, and average mutation effect size 116 
likely vary among genes and would be theoretically predicted to affect the repeatability of adaptation, 117 
there has been little systematic study of the importance of such factors in empirical datasets. 118 

To address these questions, we retrieved publicly available high-quality whole-genome sequencing 119 
(WGS) data from thousands of individuals from 17 natural plant and forest trees species distributed 120 
across four continents, including woody and herbaceous angiosperms species (Fig. 1 and SI 121 
Appendix, Table S1). We employed linkage disequilibrium-based genomic scans for selective sweeps 122 
(45) within each species to identify putative genes under positive selection, and then used PicMin (46) 123 
to identify genes that are enriched for strong sweep signatures across multiple species. We explored 124 
the attributes of genes with repeated global sweeps by examining the pleiotropic potential and gene 125 
duplication levels of the repeatedly swept gene families identified. Our assessment of pleiotropy 126 
leveraged available gene expression data from Arabidopsis thaliana and Medicago truncatula to 127 
generate different pleiotropy measures based on gene tissue specificity and position within gene co-128 
expression networks. We also assessed levels of gene duplication based on our orthology 129 
assignment. We contextualized these findings in view of Fisher’s model of evolution and the cost of 130 
complexity hypothesis (47, 48), as well as recent theoretical work on migration-selection balance (6). 131 
To contrast our results for the architecture of global adaptation with that of local adaptation, we 132 
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compare our observations to results from a related study on local adaptation (49), which employed 133 
the same bioinformatic methods and incorporated 14 of the 17 datasets used in our analysis. 134 

 135 

Results 136 

Datasets assembly and filtering 137 

Whole-genome sequencing data (WGS) from 17 angiosperm plants and forest trees derived from 138 
published studies was retrieved from SRA/ENA (Fig. 1 and SI Appendix, Table S1). These datasets 139 
included exclusively natural populations and ranged from closely related sister species known to 140 
hybridize (50) to species separated by up to 160 million years of evolution (Fig. 1B).  141 

Single nucleotide polymorphisms (SNPs) were identified by applying a uniform pipeline to all datasets 142 
for consistency, with filtering steps to exclude singleton SNPs and individuals with high relatedness 143 
(SI Appendix, Fig. S1; see Methods for details). The SNP calling and filtering process resulted in 144 
between 20 and 565 individuals per dataset, and between 667,641 and 50,268,965 SNPs (Fig. 1D 145 
and SI Appendix, Table S1). We assessed population structure and found a wide range of patterns, 146 
with some species showing nearly panmictic structure across wide spatial scales (e.g. Eucalyptus 147 
albens; SI Appendix, Fig. S2) and others exhibiting substantial sub structuring, even across small 148 
spatial scales (e.g. Helianthus argophyllus) (Fig. 1C and SI Appendix, Fig. S2). 149 

 150 

Orthology inference 151 

The phylogenetic relationship among the genes of the 12 species with reference genome assemblies 152 
was inferred with Orthofinder2 (51), which was used to group genes into orthology groups, or 153 
orthogroups. These included both orthologous genes, which are homologous genes separated by a 154 
speciation event, and paralogous genes, which are homologous genes diverged from a within-species 155 
duplication event. In total, Orthofinder assigned 376,881 genes out of 415,552 total genes to 31,582 156 
orthogroups. These included 9,521 orthogroups specific to individual species, 7,919 orthogroups with 157 
representation from all species, and 633 single-copy orthogroups. Subsequently, this assignment was 158 
refined by excluding cases where a given species had more than 10 paralogues within a single 159 
orthogroup (but retaining the orthogroup in other species with fewer than 10 paralogues). We also 160 
excluded any gene with insufficient sequencing coverage within a given species, and excluded any 161 
orthogroups with representation in fewer than 7 species. These filtering steps resulted in a final set of 162 
13,268 orthogroups for subsequent analysis, which exhibited low levels of paralogy and high species 163 
inclusion (Fig. 2). The mean and median number of paralogues per orthogroup was 1.72 and 1.67 per 164 
species respectively, while mean and median species number per orthogroup was 15.37 and 15.42 165 
(per species). Notably, B. stricta yielded results for significantly fewer orthogroups compared to the 166 
other species, owing to insufficient sequencing coverage of the data (52) across many genic regions 167 
(Fig. 2 and SI Appendix,Table S1). Overall, the topology of the tree inferred with Orthofinder2 largely 168 
matched the species tree derived from TimeTree (https://timetree.org/), with the exception of M. 169 
truncatula and E. grandis. Orthofinder2 placed M. truncatula closer to the Brassicaceae family, relative 170 
to E. grandis (Fig. 2D and SI Appendix, Fig. S3). It is worth noting that TimeTree estimates divergence 171 
between species using a simple average across published time estimates from scientific literature 172 
(53), therefore a minor mismatch with the protein sequences-based tree inferred with Orthofinder2 is 173 
not a reason of concern. 174 

 175 

Repeated selective sweeps 176 

We used OmegaPlus (45) to scan for global selective sweeps within species followed by PicMin (46) 177 
to identify orthogroups with repeated sweep signatures across several species. After performing a 178 
False Discovery Rate (FDR) correction to the p-values from PicMin based on the number of 179 
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orthogroups tested, we detected 33 orthogroups with significant signatures of repeated sweeps, at q < 180 
0.1 (Fig. 3A). 181 

Our application of PicMin tests for an enrichment of strong sweep signatures across multiple species 182 
but does not perform a test of which species contribute to the signal. To explore any patterns in the 183 
species driving these results, we classify any gene with an empirical p-value of < 0.1 as a “driving 184 
gene”. Contribution towards the signatures of repeatability in the 33 OGs varied between species, 185 
ranging from approximately 14% (B. stricta) driving genes to about 68% (E. sideroxylon) (Fig. 3B). 186 
The repeatability signal is scattered throughout the phylogeny, with low OmegaPlus empirical p-values 187 
present in every species tested (Fig. 3C). However, two clusters of closely related species 188 
(Eucalyptus spp. and Helianthus spp.) were top contributors based on the count of driving genes and 189 
displayed a denser heat signature indicating an enrichment of driving genes (Fig. 3B, Fig. 3C and SI 190 
Appendix, Fig. S4). Despite this, results for only a single orthogroup appeared to be driven solely by 191 
species from the Eucalyptus genus, OG0010509, and none was solely driven by the Helianthus 192 
genus (Fig. 3C and SI Appendix, Fig. S4). However, in four orthogroups (OG0017633, OG0019910, 193 
OG0022308, OG0017585), driving genes were found exclusively in multiple Eucalyptus species in 194 
conjunction with multiple Helianthus species (Fig. 3C and SI Appendix, Fig. S4). 195 

It is biologically expected that closely related species might evolve similarly and therefore might be 196 
more likely to experience sweeps in the same genes or genes families, particularly if they occupy an 197 
overlapping habitat and experience the same, or similar, selective pressures (41, 54). However, it is 198 
also possible that such signatures are bioinformatic artefacts, as a single reference genome was used 199 
to call variants in the species within each of the Helianthus and Eucalyptus genera, which means that 200 
any assembly errors could yield anomalous LD signatures that might confound OmegaPlus in each of 201 
the species. Consequently, the same errors could systematically propagate across closely related 202 
species sharing the same reference and potentially drive some of the observed PicMin repeatability.  203 

To test whether this was a source of error, we assessed whether phylogenetic distance correlated with 204 
the amount of overlap in the driving genes between pairs of species, which we calculated as the ratio 205 
of observed versus expected overlap, according to the expectation of a hypergeometric distribution, 206 
and found no significant correlation (Pearson's r = 0.05, p-value = 0.57; Spearman’s rho = -0.05, p-207 
value = 0.6) (SI Appendix, Fig. S5A). Overall, the observed overlap in driving genes between closely 208 
related species did not appear to deviate from the expectation differently than that between more 209 
distantly related species. Further assessment of the average phylogenetic distance between driving 210 
genes species showed that all the candidates, except one (OG0010509), are characterized by 211 
considerable mean phylogenetic distances between the species with driving genes (SI Appendix, Fig. 212 
S5B). This confirms that despite an apparent enrichment of low empirical p-values in Helianthus and 213 
Eucalyptus species, the overall repeatability signal is driven by genes spread throughout the analysed 214 
phylogeny. 215 

To preclude spurious contributions from closely related species arising from bioinformatic artefacts, 216 
we conducted follow-up repeatability testing by running PicMin with only one species from each of 217 
these two genera and taking the union of significant hits (FDR < 0.5) across runs, evaluating all nine 218 
of the 13-species combinations [1 Helianthus + 1 Eucalyptus + all other species]. While this restricted 219 
analysis cannot detect true signals of repeated sweeps within a genus, it does not suffer from the risk 220 
of being driven by bioinformatic errors propagating due to closely related species sharing the same 221 
reference genome. Despite reduced power due the overall lower number of species included, this 222 
follow-up analysis successfully retrieved 15 of the 33 originally identified candidate orthogroups (FDR 223 
< 0.1) (SI Appendix, Table S2).  224 

We explored the functional characteristics of this highest confidence set of 15 orthogroups with 225 
repeated sweep signatures, using the annotations of A. thaliana (55) and M. truncatula (56) genes (SI 226 
Appendix, Table S2). These orthogroups included several genes with pivotal roles in biotic and abiotic 227 
stress responses. For instance, TPS14 (TERPENE SYNTHASE 14) is a key protein involved in 228 
terpene metabolism. Terpenes are metabolites involved in plant defence against both pathogens and 229 
herbivores, and are responsible for the attraction of beneficial organisms such as pollinators and seed 230 
dispersers (57, 58). Similarly, TGSL12 (CALLOSE SYNTHASE 3) is a protein that participates in 231 
callose metabolism, a polysaccharide synthesized in the cell wall of a variety of higher plants in 232 
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response to pathogens infections and abiotic stress (59). The extensively studied cytochrome P450, 233 
belongs to a large family of proteins involved in NADPH- and O2-dependent hydroxylation reactions 234 
across all domains of life and is closely linked to environmental stress response in plants (60). 235 
Notably ATERF019 (ERF019, ERF19), is a critical transcription factor involved in the response to a 236 
range of stressors, such as drought, osmotic, and oxidative stress, as well as bacterial and fungal 237 
infection (61, 62). Intriguingly, this gene has been found to negatively regulate plant resistance to 238 
Phytophthora parasitica, underscoring its significance in mitigating the impact of destructive plant 239 
pathogens causing significant crop losses worldwide (61). Another notable protein group identified 240 
was the Plant U-box type E3 ubiquitin ligase (PUB62, PUBs), which encompasses proteins with 241 
diverse functions in abiotic and biotic stress responses and is also associated with pollen self-242 
incompatibility (63). 243 

In addition to stress responses, several orthogroups with signatures of repeated sweeps play roles in 244 
plant growth and development. For instance, the clathrin adaptor complexes medium subunit family 245 
protein is involved in clathrin-mediated endocytosis (CME). This process regulates various aspects of 246 
plant development, such as hormone signaling, and has also been linked to response against 247 
environmental stresses (64). Interestingly, the machinery of CME has been shown to be evolutionarily 248 
conserved in plants (64). Furthermore, we identified the p300/CBP acetyltransferase-related protein, 249 
which is linked to cell differentiation, growth, and homeostasis. Notably, this protein has a 600 amino 250 
acid C-terminal segment which appears highly conserved across plants and animals, suggesting an 251 
essential role across metazoan organisms (65). Other key players in growth and development 252 
included ATSPLA2-ALPHA (PHOSPHOLIPASE A2-ALPHA), which is involved in various growth-253 
related processes (66), and ROXY1/ROXY2 of the CC-type glutaredoxin (ROXY) family, which is a 254 
group of proteins crucial for organogenesis, particularly anther development (67). Lastly, among our 255 
top candidates was ATIPT4 (ARABIDOPSIS THALIANA ISOPENTENYLTRANSFERASE 4), a protein 256 
that plays a significant role in cytokinin biosynthesis. Cytokinins are hormones essential for regulating 257 
various aspects of plant growth and development (68). 258 

 259 

Spatial scale of adaptation 260 

Selective sweeps are typically interpreted as evidence of a mutation spreading throughout the range 261 
of an entire species (i.e. global adaptation), but they can also occur within a restricted portion of the 262 
range due to local adaptation. It is possible that some of the signatures of repeated sweeps we 263 
observed could be driven by strong local adaptation within a subsection of the species range, rather 264 
than global adaptation. To explore this possibility, we estimated FST for each SNP within each species 265 
and took the average across all SNPs within each gene. Driving genes in orthogroups with repeated 266 
sweep signatures displayed low to average FST within species, with few exceptions, suggesting that 267 
the signatures of repeated selective sweeps were driven by global, rather than local adaptation (SI 268 
Appendix, Fig. S6 and Fig. S7). Even though we observed few driving genes with high FST (8 genes 269 
out of 78 fell within the top 10% of FST values genome wide; SI Appendix, Fig. S7), it is worth noting 270 
that a mutation making a global selective sweep can generate transient genetic differentiation as FST 271 
outliers, so even the relatively rare cases of high FST that we observed within species could still have 272 
been driven by global adaptation (69).  273 

 274 

Genes with repeated sweeps have low pleiotropy 275 

We explored the pleiotropic characteristics of orthogroups with repeated sweep signatures to assess 276 
the genetic architecture of global adaptation in comparison to the classical theoretical expectation 277 
based on Fisher’s geometric model of universal pleiotropy (47,48), other empirical studies 278 
(32,33,34,35,36,37,38,39,70,71,72,73,74), as well as more recent findings on the architecture of local 279 
adaptation derived from a large comparative study across plant species sharing the same methods 280 
and majority of datasets, including the same SNPs sets (49).  281 

To evaluate the amount of pleiotropy in genes with repeated selective sweeps, we utilized gene 282 
expression data for A. thaliana and M. truncatula genes sourced from Expression Atlas (75) and 283 
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ATTED-II (76). We estimated two kinds of gene property related to pleiotropy: A) tissue specificity of 284 
gene expression (77) and B) statistics describing a gene’s position/importance within a gene co-285 
expression network (78). For tissue specificity (A), we employed the τ metric (79) of A. thaliana genes, 286 
which should be inversely proportional to pleiotropy; highly tissue-specific genes are likely to influence 287 
fewer processes compared to genes expressed across several tissues. Tissue specificity has been 288 
found to be positively associated with rates of molecular evolution (80). Using gene co-expression 289 
networks (B), we estimated pleiotropy based on four centrality measures: degree, strength, 290 
closeness, and betweenness (81). Node degree signifies the number of nodes connected to a gene 291 
and thus the number of co-expressed genes; node strength represents the combined weights of these 292 
connections; closeness reflects a node's capacity to interact with all other nodes, even those not 293 
directly connected to it, and hence its co-expression capability across the entire network; 294 
betweenness indicates a node's ability to act as a bridging node in the network, linking co-expression 295 
subnetworks together. Each of these measures should be positively correlated to pleiotropy 296 
(82,83,84). Genes with high centrality measures in co-expression networks are hubs; hence, their 297 
expression affects many other genes and processes, potentially imposing an evolutionary constraint 298 
as changes in them can more likely be lethal or have strong effects. Conversely, genes with low 299 
centrality measures can be considered less pleiotropic, with changes in them affecting fewer 300 
processes (82,83,84). 301 

To evaluate the amount of pleiotropy in the candidate orthogroups with repeated sweep signatures, 302 
each of the above measures was calculated for each orthogroup based on the metrics described 303 
above, using data from A. thaliana and M. truncatula (see Methods for details). We assessed 304 
pleiotropy in the candidate set including 33 Orthogroups (FDR < 0.1), as well as within a larger set of 305 
107 orthogroups with a more relaxed false discovery rate cutoff (FDR < 0.2).  While using a more 306 
relaxed FDR results in more false positives, it also allows a larger number of true positives, which 307 
improves the power to test patterns in pleiotropy for genes involved in global adaptation. Consistent 308 
with the Fisher-Orr model of evolution (47,48), both sets of results showed the same pattern: 309 
pleiotropy appeared significantly lower in the candidate orthogroups compared to random expectation 310 
(Fig. 4A, Fig. 4B). All measures used as proxies for pleiotropy, except Medicago betweenness, 311 
showed either a significant (p < 0.05) association with decreased pleiotropy or tended strongly 312 
towards this direction. It is noteworthy that another study focusing on local (rather than global) 313 
adaptation found the opposite relationship with increased pleiotropy for genes driving repeated local 314 
adaptation (49), using many of the same datasets and the same methods to identify repeated 315 
adaptation and pleiotropy.  316 

We further assessed pleiotropy within the more conservative set of 15 orthogroups identified by 317 
intersecting the 33 candidate OGs identified in the main analysis (FDR < 0.1) with results derived from 318 
nine additional PicMin omitting closely related Eucalyptus and Helianthus species. The correlation 319 
between global adaptation and decreased pleiotropy largely persisted (p < 0.05) when the 320 
assessment was restricted to this small set, indicating a robust association between genes driving 321 
global adaptation and decreased pleiotropy (Fig. 4C). 322 

 323 

Duplications are enriched in genes with repeated sweeps 324 

Newly duplicated genes may experience selective sweeps due to positive selection if the resulting 325 
copies undergo sub- or neo-functionalization. Additionally, sub-functionalization reduces the pleiotropy 326 
of the original gene by distributing the function of the parent gene among new copies (85). This 327 
process may aid adaptation by easing the evolutionary constraints associated with a more pleiotropic 328 
ancestral gene (85,86). Considering this, we utilized the results obtained from Orthofinder2 to 329 
investigate the involvement of gene duplications in recurrent global adaptation. We counted the 330 
number of paralogs within orthogroups as a representation of the number of duplication events and 331 
compared our candidates with repeated sweeps against a set of randomly chosen orthogroups, using 332 
the same statistical approach as the pleiotropy assessment. The 33 orthogroups with repeated 333 
sweeps (FDR < 0.1) exhibited a significant enrichment in gene duplications (p < 0.05), with a 3.3 fold-334 
increase relative to the overall average for all orthogroups (Fig. 4D). 335 
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 336 

Possible biases and artefacts  337 

As PicMin identifies orthogroups with consistently extreme signatures across multiple species, any 338 
source of bias arising from some characteristic of a gene can also bias PicMin if the characteristic 339 
tends to be conserved over deep time. Gene length is one such characteristic that might contribute to 340 
bias, based on how we ran OmegaPlus using one scan near the centre of each gene. This analysis 341 
choice might lead to reduced detection power in longer genes, as the signal of a selective sweep near 342 
a gene edge would be more attenuated at the middle of the gene due to the more extensive decay of 343 
linkage disequilibrium, compared to shorter genes. Consequently, OmegaPlus might exhibit reduced 344 
sensitivity for larger genes. Our investigation revealed that this concern was unfounded, as there were 345 
generally low correlations between empirical p-values for the sweep signatures and gene length 346 
within each species (SI Appendix, Fig. S8). No consistent pattern was observed in the relationship 347 
between gene length and empirical p-value across species, as 10 species had r > 0, while 7 had r < 0; 348 
(SI Appendix, Fig. S9). Furthermore, when assessing the average gene length in the 33 orthogroups 349 
candidates for repeated global adaptation (FDR < 0.1), we found no significant difference in mean 350 
gene length compared to random expectations. If anything, our candidate orthogroups exhibit a 351 
tendency toward increased gene length (SI Appendix, Fig. S10), counter to the expectation favouring 352 
shorter genes under this type of bias. 353 

To strengthen our confidence in the results, we next assessed the candidates derived from each of 354 
three additional approaches to implementing sweep scans using OmegaPlus, with variations in 355 
settings (refer to Methods for details). All three approaches showed high correlations between the 356 
resulting OmegaPlus empirical p-values and the empirical p-values obtained with the main approach 357 
implemented above (OmegaPlus with minimum window of 500 bp) (SI Appendix, Table S3). 358 
Remarkably, all approaches yielded consistent results in the association with pleiotropy, highlighting a 359 
robust relationship between global adaptation and low pleiotropy (SI Appendix, Fig. S11). While our 360 
analysis of pleiotropy assumes that estimates of tissue specificity from A. thaliana are representative 361 
of patterns in other species, specificity in expression has been shown to decline slowly among 362 
orthologues (87). In addition, our findings are robust to different measures of pleiotropy (Figure 4).  363 

Another potential source of bias is in the recombination landscape around a gene, as regions with 364 
lower recombination rates may harbour higher LD and lower diversity (88), which could lead to an 365 
enrichment of low OmegaPlus empirical p-values in these regions. It is also possible that sweep 366 
signatures may take longer to degrade in regions of low recombination. However, recombination 367 
events play a crucial role in generating the typical selective sweep linkage disequilibrium patterns 368 
recognized by OmegaPlus, therefore recombination must be substantial to obtain higher ω scores 369 
(13,15). This was largely reflected in our assessment (see Methods), which showed higher density of 370 
lower OmegaPlus empirical p-values in regions with moderate to high recombination, with the 371 
exception of H. argophyllus (SI Appendix, Fig. S12). Overall, OmegaPlus demonstrated robustness to 372 
misidentifying regions with lower recombination rates as sweeps (SI Appendix, Fig. S12). 373 

 374 

Discussion 375 

Here, we have uncovered evidence of 33 orthogroups (FDR < 0.1) with repeated global selective 376 
sweeps in multiple species (Fig. 3C). This discovery is noteworthy given the considerable evolutionary 377 
divergence among the analysed plant species and their diverse life history strategies and growth 378 
forms. These range from the herbaceous perennial monocot P. hallii, to eudicots encompassing both 379 
herbaceous annuals (A. thaliana, C. rubella, M. truncatula, A. tuberculatus, Helianthus spp.) and 380 
herbaceous perennials (A. halleri), to long-lived trees such as Betula spp., Eucalyptus spp., and 381 
Populus spp. (Fig. 1). While our study stands out for its focus on global adaptation and the exploration 382 
of more extensive phylogenetic distances, other studies have identified repeated signatures of local 383 
adaptation across independent populations and species residing in similar habitats or experiencing 384 
analogous selective pressures (32,33,34,35,36,37,38,39,40,41,49). Taken together, these studies 385 
suggest that while adaptation may commonly be polygenic and involve only subtle changes in allele 386 
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frequency across many loci (89), it can also involve the contribution of key genes that appear to play 387 
particularly important roles, given their repeated involvement. In attempting to understand what 388 
determines the propensity of a gene to contribute to adaptation, it is important to consider both the 389 
biological characteristics of the gene and the influence of the methods used to detect selection. 390 

Our set of genes with repeated sweeps includes many with demonstrated roles in abiotic and biotic 391 
stress responses in plants, as well as a few candidates with important functions related to growth and 392 
developmental processes (SI Appendix, Table S2). This echoes prior research based on rates of 393 
sequence substitution showing that protein function significantly influences these signatures of 394 
selection (90,91,92,93), as found in Drosophila (94,95), Arabidopsis (96), hominids (97), and other 395 
mammals (98,99). There is strong support for the hypothesis that host-pathogen interactions drive 396 
particularly rapid protein evolution, as immune and stress/defence response genes are often identified 397 
as targets of natural selection (90,91,92,93). Similarly, genes linked to defence responses, such as 398 
cytochrome P450 proteins (OG0001991), have been previously reported for their higher rates of 399 
sequence evolution (90,91). These findings are derived from methods based on high rates of 400 
nonsynonymous substitution that have very limited power to detect evolution that involves only a 401 
small number of impactful mutations and will only tend to capture particularly strong and persistent 402 
selection pressure that drives many recurrent sweeps. By contrast, our sweep-based methods only 403 
detect more recent adaptation, as genomic signatures of selective sweeps degrade with time (14) but 404 
are able to detect the signatures arising from individual selective sweeps that may be missed by 405 
substitution-based methods. It is interesting that methods suited to detecting selection operating at 406 
very different timescales both tend to find genes involved in biotic interactions and defence as the 407 
targets of repeated natural selection. 408 

One characteristic of a gene that appears particularly important for adaptation is pleiotropy, where a 409 
single genetic locus influences multiple phenotypic traits (100). Pleiotropy is thought to constrain 410 
adaptation due to the possible detrimental effects of a mutational change affecting multiple biological 411 
processes (42,101). Fisher’s model of evolution provides a mathematical representation of this effect: 412 
pleiotropy is equated with “organismal complexity” and the model proposes that the greater the 413 
number of trait dimensions, the lower the chance that a random mutation is beneficial, thus posing a 414 
reduced adaptive potential for genes with high pleiotropy (47). If adaptation involves optimizing trait 415 
values on many dimensions, there is a higher chance that genes with high pleiotropy will overshoot 416 
the optimum or cause a change in trait value that is maladaptive on at least one dimension. Kimura 417 
(102) re-assessed Fisher’s model by incorporating the probability of fixation and concluded that 418 
mutations of intermediate effect would be most likely to contribute to adaptation. Later, Orr (103,104), 419 
considered the distribution of mutations fixed over an adaptive walk and found this would be 420 
approximately exponential, with alleles of larger effect fixing only earlier in the process, and later 421 
stages of evolution dominated by mutations of smaller effect, a prediction which has found empirical 422 
support in stickleback (105). All else being equal, this family of models predicts that the rate of 423 
adaptation will be slower for organisms with more traits due to the greater amount of pleiotropy (48).  424 

This “cost of complexity” led to the widely held view that evolution occurs via mutations of small effect, 425 
and genes and mutations with low pleiotropy were often found as the target of parallel genetic and 426 
phenotypic evolution (42,101). Consistent with this hypothesis, our research has pinpointed genes 427 
exhibiting low pleiotropy as recurrent targets of global adaptation across multiple plant species (Fig. 428 
4). Furthermore, this evolutionary model, despite its simplicity, has also found support in previous 429 
empirical studies, such as in yeast, where mutations affecting more phenotypic traits showed higher 430 
fitness costs hence implying a negative relationship between pleiotropic and fitness effects of 431 
mutations (70). Similarly, a study on Norwegian graylings populations showed that gene pleiotropy 432 
constrains both plastic and adaptive gene expression responses and highlighted the importance of 433 
genes with low pleiotropy in evolution (71). Taken together, these findings align with Fisher’s view of 434 
evolution, suggesting that functional changes that favour one process are more likely to have 435 
deleterious trade-offs on others if pleiotropy is high.  436 

Further theoretical work on the importance of pleiotropy was motivated by empirical observations of 437 
substantial modularity (i.e. most genes affect few traits) along with larger per-trait mutation effects in 438 
more pleiotropic genes (106,107). These observations were incorporated into models showing that 439 
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organisms with intermediate levels of pleiotropy would have the fastest adaptive rates, mitigating the 440 
cost of complexity (107). These species-level models have subsequently been interpreted as 441 
predicting the greatest contribution to adaptation within a species by genes with intermediate 442 
pleiotropy (73), which is reasonable but worthy of further directed theoretical study. Consistent with 443 
this prediction, empirical studies in A. thaliana (73), stickleback (32), ragweed (72), and Heliconius 444 
butterflies (74) have found evidence of intermediate pleiotropy driving repeated adaptation.  445 

Another factor that can affect the impact of pleiotropy on adaptation is the spatial pattern of natural 446 
selection. If natural selection favours different trait optima in different locations of a species range (i.e., 447 
local adaptation), then migration will tend to counteract divergence, resulting in a general advantage 448 
for alleles of larger effect, as they can withstand the homogenizing effect of migration (6). To the 449 
extent that pleiotropic effects of a mutation are aligned with the direction of divergence in phenotypic 450 
optima, which seems common for modular traits (106,107), we would therefore expect more 451 
pleiotropic genes to contribute to local adaptation more readily, due to their larger effects overcoming 452 
the homogenizing effect of migration. By contrast, when a species adapts to a similar phenotypic 453 
optimum across its range (i.e., global adaptation), there is no tension with migration and therefore no 454 
additional advantage for alleles of larger effect (6). In accordance with this prediction (6), we found a 455 
strong association between decreased pleiotropy and genes involved in global adaptation (Fig. 4), 456 
which is also in line with Fisher’s and Orr’s models of evolution and with evidence of reduced 457 
pleiotropy in rapidly evolving adaptive genes reported in other studies (70,80,82,83). In further 458 
agreement with migration-selection theory predictions (6), the opposite pattern was found for genes 459 
driving local adaptation (i.e. increased pleiotropy) by another study using the same bioinformatic 460 
pipeline and statistical tests, and conducted on many of the same species, but studying signatures of 461 
local, rather than global adaptation (49). Taken together, these two studies provide the first controlled 462 
comparison of local vs. global adaptation and the importance of pleiotropy, suggesting that this 463 
interaction also play an important role in determining the propensity of genes to contribute to 464 
adaptation. 465 

Finally, we explored the role of gene duplications in global sweeps, as these have been shown to 466 
possibly be a source of genetic flexibility and facilitators of adaptation, through the means of sub and 467 
neo functionalization (85,86). Indeed, candidates for convergent local adaptation to temperature in 468 
two distantly related conifers, lodgepole pine (Pinus contorta) and interior spruce (Picea glauca, Picea 469 
engelmannii, Picea glauca x Picea engelmannii), were enriched for duplicated genes (34), but this 470 
was not found in the recent study of repeated local adaptation across plants (49). In this study we 471 
found a strong association between the orthogroups with signatures of repeated global adaptation 472 
and increased duplication number, with a 3.3x-fold increase relative to the average, despite our 473 
method penalizing duplicated genes with a conservative paralogue correction per orthogroup (Fig. 474 
4D). However, we note that pleiotropy and number of duplications tend to be inversely correlated, 475 
therefore it can be tricky to separate the causative effects (SI Appendix, Table S4). Gene duplication 476 
may facilitate global adaptation by decreasing pleiotropy of a parent gene via sub-functionalization 477 
(85). Alternatively, if sub/neo-functionalization result in a new selective landscape for the novel copy of 478 
a gene, repeated sweeps would be expected as it evolves to improve this novel function. In either 479 
case, if the propensity for gene duplication is conserved over deep time, these mechanisms 480 
associated with duplication could partly explain our findings.  481 

 482 

Materials & Methods 483 

Dataset selection 484 

We downloaded raw sequencing data of 17 angiosperm plants and forest trees whole-genome 485 
sequencing (WGS) datasets from SRA and ENA (Fig. 1A and SI Appendix, Table S1).  486 

The choice of WGS as the sole sequencing method for inclusion was imposed by the need for high 487 
quality dense SNP data by the software used in this study, OmegaPlus (45). Additionally, the datasets 488 
were chosen based on the following specific criteria: they encompassed natural populations in their 489 
native habitats, comprised non-invasive and non-domesticated species, included a minimum of 20 490 

.CC-BY 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 3, 2024. ; https://doi.org/10.1101/2024.04.02.587814doi: bioRxiv preprint 

https://doi.org/10.1101/2024.04.02.587814
http://creativecommons.org/licenses/by/4.0/


11 
 

unrelated individuals sampled from five or more locations, and featured a high-quality reference 491 
genome, or one of a closely related species. 492 

We explored the phylogenetic relationship between reference genome species using TimeTree 493 
(https://timetree.org/). Phylogenetic distances between species were calculated based on the 494 
TimeTree phylogeny using the R package ape (function: cophenetic). 495 

 496 

SNP calling 497 

We applied a uniform SNP calling pipeline to all datasets for consistency. This pipeline was derived 498 
from a previous study and was selected as it optimizes the trade off between SNP quality and 499 
processing times (108). Raw fastq files were trimmed using fastp (109) with default settings. Clean 500 
reads were then aligned to reference genomes with bwa-mem (v0.7.17-r1188) (110), using 12 distinct 501 
reference genomes to map 17 datasets. If a species reference genome was not available, we used 502 
that of a closely related species. Three clusters of closely related species were mapped to the same 503 
reference genome (B. pendula and B. platyphylla mapped to B. pendula; E. magnificata, E. 504 
sideroxylon and E. albens to E. grandis; H. annuus, H. petiolaris and H. argophyllus to H. annuus). 505 
Following mapping, samtools was used to convert the alignment files from sequence alignment map 506 
(SAM) format to sorted, indexed binary alignment map (BAM) files, while discarding any alignment 507 
with mapping quality below 10 (-q 10) (111). The MarkDuplicates tool (112) from Picard tools was 508 
used to remove potential PCR duplicates and to set read groups. Indels were realigned using GATK 509 
RealignerTargetCreator followed by GATK IndelRealigner (113). After indel realignment, SNP calling 510 
was performed using BCFTtools mpileup, computing genotype likelihoods based on alignments with a 511 
minimum mapping quality of 5 (-q 5), followed by BCFtools call to identify single nucleotide 512 
polymorphisms (SNPs) from the pileup output and generate VCFs (111). Finally, we filtered raw VCF 513 
files with VCFtools (114) to retain only biallelic SNPs genotyped in at least 70% of the individuals, 514 
SNPs with quality value above 30 (--minQ 30), genotype quality above 20 (--minGQ 20) and minimum 515 
read depth above 5 (--minDP 5). 516 

For downstream analyses, we retained SNP present at all minor allele frequencies except singletons. 517 
This retention of frequencies, often overlooked, was critical since the method employed to detect 518 
selective sweeps relies upon evaluating the patterns of linkage disequilibrium across genic regions 519 
(45). Therefore, filtering by allele frequency would introduce a bias by distorting LD patterns and could 520 
significantly decrease the detective power of the analysis, as excess of low frequency variants 521 
constitutes the main signature of a selective sweep (115). However, singletons are often bioinformatic 522 
artifacts and distinguishing them from real mutations can be challenging, hence their exclusion (116). 523 

Finally, each dataset was filtered based on genomic relatedness (Fig. 1D). This step was taken to 524 
remove closely related individuals, as cryptic relatedness can potentially distort the estimation of 525 
regions under selection similarly to how it can confound GWAS (117). We used Plink (--genome 526 
function) to calculate relatedness (118), and the R package PlinkQC for filtering (119). PlinkQC aims 527 
to find the minimum number of individuals to remove to keep relatedness between any pairs below a 528 
chosen threshold (119). Individuals were systematically excluded from each species dataset to ensure 529 
that no relatedness scores between pairs exceeded 0.2, effectively removing any first and second-530 
degree relatedness.  531 

 532 

Orthology inference 533 

To assign genes to orthogroups, we first retrieved the amino acid sequences (proteomes) for each of 534 
the 12 reference species (Table S1). For each gene, we selected a primary transcript according to the 535 
longest isoform using custom scripts. Sequences were sorted by amino acid length, and each protein 536 
was given a name corresponding to the genomic coordinates of its gene. A Perl script was used to 537 
scan the proteins FASTA files. Upon encountering a duplicate sequence (i.e., a sequence with the 538 
same header), the script retained the first occurrence (the longest) and discarded subsequent 539 
occurrences. The decision is made based on whether the header has been encountered before. If it's 540 
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the first time encountering a particular header, the script writes both the header and sequence to the 541 
output file. Finally, Orthofinder2 (51) was run with default settings using as input the 12 filtered 542 
proteomes, including only a single transcript per gene. 543 

 544 

Detection of selective sweeps using OmegaPlus 545 

We used OmegaPlus (45) to scan each species dataset for global selective sweeps. OmegaPlus 546 
searches for specific LD patterns characteristic of recent hard selective sweeps and outputs the ω-547 
statistic (13). LD-based methods have been shown to outperform SFS-based methods in the search 548 
for hard selective sweeps resulting in higher true positive rate (TPR), and OmegaPlus (45) has been 549 
consistently reported as the most sensitive tool to detect potential hard selective sweeps (10,15, 115). 550 
For our analysis of repeated sweeps across multiple species using PicMin, it is preferrable to use the 551 
most sensitive method at the cost of a higher false positive rate, in order to detect the highest number 552 
of true positive sweeps. This is not a reason of concern in comparative studies using PicMin, as the 553 
same false positives are unlikely to arise from independent analyses in different species (46). We 554 
extracted genes from each species’ VCF and added 1000 bp flanking regions on either side to include 555 
potential promoter and regulatory regions. Subsequently, OmegaPlus was run on each gene using a 556 
grid size of 3, resulting in 3 measurements: one at the first SNP, one at the last SNP and one 557 
equidistant between those 2 measurements. The minimum and maximum sizes of the subregion 558 
around a position that was included in the calculation of the ω-statistic were set to 500 and 100,000 559 
base pairs, respectively. For each gene we retained the second scan, which was expected to lie 560 
approximately near the center of genes.  561 

Following OmegaPlus, we ranked genes within each species by converting ω-scores to empirical p-562 
values. An empirical p-value corresponds to the rank of a given gene’s selection score relative to all 563 
other genes from that species, therefore it reflects the strength of evidence against a null hypothesis 564 
of no selection (46). Gene empirical p-values were further summarized within each orthogroup by 565 
taking the lowest empirical p-value (i.e. the strongest selection evidence for a sweep) and applying a 566 
Dunn-Sidak correction to account for the number of paralogues within the orthogroup. This method of 567 
correcting for multiple comparisons within orthogroups only represents the contribution of the member 568 
gene with the strongest sweep signature within a given species (i.e. if two genes experience sweeps 569 
within an orthogroup in a given species, only the gene with the stronger signal contributes to the test). 570 

We excluded orthogroups with more than 10 paralogues within a species, as they would be heavily 571 
penalized by the Dunn-Sidak correction and suffer from low power. Furthermore, we removed 572 
orthogroups with genes from less than 7 species from the analysis, as PicMin sensitivity would be 573 
reduced under such conditions. Finally, after these exclusions, we re-ranked the empirical p-values 574 
within each species to ensure uniform distributions of orthogroups empirical p-values for PicMin. 575 

 576 

Detection of selective sweeps using OmegaPlus: additional approaches 577 

OmegaPlus was tested using the methodology outlined in the preceding section, with variations in the 578 
minimum window settings to explore robustness of our results. We experimented with both 200 and 579 
1000 as minimum window sizes before ultimately opting for the intermediate value of 500. This was 580 
crucial, as research indicates that this setting can potentially significantly impact results and introduce 581 
increased stochasticity, particularly when employing very small minimum windows (115). 582 

Additionally, we explored a genome-wide scan strategy, covering the entire genomes at intervals of 583 
1000 bases. Subsequently, we extracted the scans falling within genes and aggregated these 584 
measurements on a per-gene basis by calculating the average for each gene, before applying the 585 
same methodology as before. However, we deemed this latter approach unsuitable due to its bias 586 
towards shorter genes, which tended to report more extreme average ω-scores. 587 

.CC-BY 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 3, 2024. ; https://doi.org/10.1101/2024.04.02.587814doi: bioRxiv preprint 

https://doi.org/10.1101/2024.04.02.587814
http://creativecommons.org/licenses/by/4.0/


13 
 

Nevertheless, we evaluated the correlation between all different OmegaPlus runs per dataset and 588 
systematically examined the pleiotropy of the candidate orthogroups derived from each approach to 589 
enhance our confidence in the results. 590 

 591 

Testing for repeated global sweeps - PicMin 592 

We used PicMin (46) to test for repetitive selective sweeps in 13,268 orthogroups across 17 species. 593 
PicMin uses order statistics to perform hypothesis tests on a set of ranked values, in this case 594 
empirical p-values derived from OmegaPlus ω scores, and identifies orthogroups enriched for large 595 
numbers of genes with low empirical p-values (46). Lower OmegaPlus empirical p-values correspond 596 
to higher ω scores, and indicate genes with stronger evidence of selection. For each orthogroup, 597 
PicMin provides a p-value representing the probability of generating ranks as extreme or more 598 
extreme than the observation under the null hypothesis of random genetic drift driving the OmegaPlus 599 
scores within each species. The method works as follows: for an orthogroup with genes in n species 600 
or lineages (17 in this case), under the null hypothesis the n empirical p-values representing the 601 
strength of evidence for selective sweeps in each species should follow a uniform distribution. If we 602 
order the empirical p-values within the orthogroup, the theory of order statistics shows they have 603 
marginal distributions that belong to the beta distribution, which PicMin uses to compute one-sided p-604 
values. If the xth rank in the list of ordered empirical p-values is low relative to the beta distribution, this 605 
indicates that the x species with the lowest empirical p-values all have stronger signatures of selective 606 
sweeps than would be expected by chance. Because some genes will always have low a rank within 607 
one species, we ignore the x = 1st (lowest) ranked empirical p-value and consider all remaining higher 608 
ranks, effectively conducting tests of repeatability across two or more species. PicMin applies a 609 
multiple comparisons correction to the minimum p-value across all x = {2…n} contrasts, based on the 610 
methods by Tippett (120), Dunn and Sidak (121,122). This results in a final p-value that reflects the 611 
evidence that a particular orthogroup exhibits repeated adaptation. Finally, a multiple testing 612 
correction to account for the number of tested orthogroups was applied to the final per orthogroup p-613 
values according to the Benjamini & Hochberg (1995) (123) formula, implemented in the R function 614 
p.adjust (method = “fdr”). 615 

 616 

Population structure assessment 617 

For population structure assessment, SNPs with minor allele frequencies < 0.05 were discarded 618 
(VCFtools) (114) and each dataset was pruned by linkage disequilibrium (r2 > 0.4) using the indep-619 
pairphase function of Plink in windows of 50 and step of 5 (118). Population structure was explored 620 
using principal component analysis (PCA) with Plink and ancestry inference with fastSTRUCTURE 621 
(124), testing Ks from 1 to 10. The representative admixture model for each dataset was determined 622 
using fastSTRUCTURE built-in chooseK function, which selects the model that maximises the log-623 
marginal likelihood lower bound (LLBO) of the data and best explain strong population structure (124). 624 

Weir & Cockerham (1984) FST (125) was calculated between the populations identified with 625 
fastSTRUCTURE on a per SNP site basis with the vcftools function weir-fst-pop (114). Within each 626 
species, individuals were assigned to populations according to the best K model Q coefficient, using 627 
as threshold of inclusion Q > 0.9. Average FST per gene was calculated by taking the mean across FST 628 
values of SNPs within each gene.  629 

 630 

Gene length 631 

We assessed the association between gene length and OmegaPlus empirical p-values by calculating 632 
their Pearson correlation in each species, and examining the consistency of any patterning across 633 
species. We tested whether the mean gene length of the orthogroups with repeated sweep signatures 634 
identified with PicMin differed significantly from the expectation for randomly chosen genes. This was 635 
done by taking 10,000 random orthogroup draws of the same size as the significant set (33 636 
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orthogroups) and calculating the mean gene length of each draw. We then compared the mean of our 637 
candidate set against this null distribution. 638 

 639 

Recombination landscape  640 

We tested the correlation between gene recombination rate and evidence for selective sweeps 641 
derived from the OmegaPlus analysis. To achieve this, we downloaded recombination rate data for 642 
Arabidopsis thaliana (126) and Helianthus annuus (127), corresponding to four distinct datasets in our 643 
analysis (A. thaliana, H. annuus, H. petiolaris, H. argophyllus). We then constructed density plots (in 644 
R) comparing OmegaPlus per-gene empirical p-values against the ranked average gene 645 
recombination rate. 646 

 647 

Estimation of pleiotropy 648 

We estimated the amount of pleiotropy for each gene using two characteristics based on gene 649 
expression data: A) specificity of expression across tissues (77) and B) centrality within co-expression 650 
networks (78). To measure tissue specificity (A), we obtained Arabidopsis thaliana tissue expression 651 
data from Expression Atlas, accession E-MTAB-7978 (75). This dataset includes tissue expression 652 
(transcripts per million - TPM) across developmental stages, tissue types and sub-tissue types. We 653 
computed the mean TPM across all developmental stages and sub-tissue types within each tissue 654 
type, to result in the mean TPM for each of the 23 tissue types. The tissue specificity metric τ was 655 
determined following the method by Yanai et al. (2005) (79) as: 656 

𝜏 =
∑

𝑁
𝑖 = 1

(1 − 𝑥𝑖)

𝑁 − 1
 657 

where, for a given gene, xi corresponds to the mean TPM for a given tissue type normalised by the 658 
maximum mean TPM across N tissue types.  659 

We converted τ scores into per-gene empirical p-values, treating higher τ estimates (corresponding to 660 
higher tissue specificity) as higher empirical p-values. We then applied the same methodology used to 661 
summarize OmegaPlus per-gene empirical p-values into orthogroups values, retaining the minimum 662 
empirical p-value (corresponding to minimum τ and therefore maximum pleiotropy) per orthogroup 663 
and applying a Dunn-Šidák correction to correct for the number of paralogues. Finally, we transformed 664 
per-orthogroup empirical p-values into Z-scores with a mean of 0 and standard deviation of 1 across 665 
all orthogroups.  666 

This approach avoids assuming that specificity/pleiotropy is maintained across paralogues, which 667 
should be more representative than taking the mean τ per-orthogroup. In fact, calculating the mean τ 668 
per orthogroup significantly decreased the prevalence of high τ values in the genome-wide 669 
distribution. This suggests that tissue specificity within orthogroups varies significantly among 670 
paralogues, possibly due to neofunctionalization or sub functionalization. Additionally, we explored the 671 
same methodology in the reverse direction, considering lower τ estimates as lower empirical p-values. 672 
However, this alternative approach did not yield any substantial differences in the results.  673 

To calculate the four centrality measures of co-expression networks (B), we built two networks using 674 
co-expression data from ATTED-II for A. thaliana and M. truncatula. The ATTED-II database 675 
summarises gene co-expression data derived from RNA-seq and microarray sources in a condition-676 
independent manner, which is given as a standardised z-score between a given pair of genes (76). To 677 
construct co-expression networks, genes were treated as nodes and z-scores as edges, where 678 
positive z-scores denote positive co-expression and vice-versa for negative z-scores. Co-expression 679 
gene tables were downloaded for both species: A. thaliana = Ath-u.c3-0 and M. truncatula = Mtr-u.c3-  680 
0. We discarded all edges with -5 < z < 2.33 following the recommendations for significant 681 
negative/positive co-expression.  682 
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The A. thaliana network included 18,570 genes, while M. truncatula network included 17,786 genes. 683 
Networks were generated using the igraph package in R. Node betweenness and closeness were 684 
calculated using the estimate_betweenness() and closeness() functions respectively. Node degree 685 
and strength were calculated as the number of edges and the sum of all edge absolute z-scores 686 
respectively. We then condensed the resulting gene centrality measures into per-orthogroup Z-scores 687 
with mean 0 and standard deviation of 1 across all orthogroups, with the same approach used for 688 
tissue specificity τ scores and testing both directions for the initial conversion of centrality scores into 689 
empirical p-values. 690 

To test whether genes with repeated sweep signatures had high/low values of pleiotropy, for both the 691 
tissue specificity (A) and centrality measures (B) we used a bootstrapping method to compare their 692 
values to those of randomly chosen genes. For each measure, we calculated the mean z-score of the 693 
candidate set for repeatability, including 33 OGs. We then performed 10,000 random draws, each 694 
comprising the same number of orthogroups as the candidate set and calculated the mean of each 695 
random draw. Finally, we assessed whether the mean of the candidate set fell within the 95% 696 
confidence interval of the means from the10,000 random draws. For the smaller sets of candidates, 697 
we assessed pleiotropy by calculating Stouffer’s Z score (128) for tissue specificity and centrality 698 
measures using the following formula: 699 

𝑍 =  
∑

𝑛
𝑖 = 1

Z𝑖

√n
 700 

 701 

Gene duplication 702 

We used the output from Orthofinder2 to count duplication events within orthogroups, including both 703 
terminal and nonterminal nodes. We then used this data to test whether the candidate set with 704 
repeated sweep signatures was significantly enriched for duplications, using the same bootstrapping 705 
method used for pleiotropy (described in the previous section).  706 

 707 

Data Availability 708 

The scripts for SNP calling are available at: 709 
https://github.com/GabrieleNocchi/snp_calling_bcftools_slurm 710 

The scripts for the population structure analysis are available at: 711 
https://github.com/GabrieleNocchi/population_structure_analysis  712 

The scripts for the main analyses are available at: https://github.com/GabrieleNocchi/RepSweeps  713 

References and links to the genomic resources for each dataset are available in SI Appendix, Table 714 
S1. 715 
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Figures and Tables 997 

 998 

Fig. 1. Geographical distribution and relatedness within and among the study species. (A)  Sampling 999 
locations of the 17 datasets included in the study. (B) Time-calibrated phylogenetic tree (retrieved 1000 
from https://timetree.org/) of the 17 datasets, based on 12 reference species. (C) fastSTRUCTURE 1001 
ancestry pie plot (K = 5) of the Helianthus argophyllus dataset in Texas (USA), showing substantial 1002 
sub structuring. (D) Relatedness filtering summary bar plot by dataset. Datasets labelled by 1003 
corresponding colour from B. 1004 
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 1017 

Fig. 2. Orthology assignment summary of the final set of 13,268 orthogroups. (A) Bar plot of the 1018 
number of paralogues per orthogroup for each species. (B) Bar plot of the number of species included 1019 
in each orthogroup, for the orthogroups of each species. (C) Distribution of the 13,268 tested 1020 
orthogroups across species number. (D) Comparison between the TimeTree and Orthofinder2 1021 
phylogenies, each based on 12 reference species. 1022 
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 1028 

Fig. 3. Evidence for repeated selective sweeps across multiple species. (A) Distribution of PicMin 1029 
FDR (-log10 PicMin FDR on the Y axis) for the 13,268 tested orthogroups, ordered by number of 1030 
putative driving genes on the X axis (number of OmegaPlus emp-p < 0.1). Points above the red line 1031 
have FDR < 0.1. (B) Species contribution to PicMin top candidates (FDR < 0.1), calculated for each 1032 
species as: [number of empirical p-values < 0.1 in the PicMin FDR < 0.1 orthogroups]/[total number of 1033 
orthogroups with PicMin FDR < 0.1 tested]. (C) Heatmap of OmegaPlus empirical p-values for the 33 1034 
candidate orthogroups (PicMin FDR < 0.1); driving genes cells (emp-p < 0.1 – black cells) are outlined 1035 
in red, species are ordered by phylogenetic distance along the Y axis. A white cell indicates that an 1036 
orthogroup was not tested in a species. 1037 
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 1039 

 1040 

Fig. 4. Orthogroups with repeated sweeps tend to be less pleiotropic and harbour more duplications. 1041 
(A) Pleiotropy assessment of the relaxed set of 107 orthogroups with FDR < 0.2, against 10,000 1042 
random draws. Red triangles represent the average pleiotropy of the candidate set, while black circles 1043 
represent the mean of 10,000 random draws. Black lines represent the 95% interval of the random 1044 
draws means. Each row represents a different pleiotropy measure, labelled on the left. (B) Pleiotropy 1045 
Stouffer’s Z of the top 33 orthogroups (FDR < 0.1), calculated using different pleiotropy measures 1046 
labelled on the left. Dotted lines delimit the 95% confidence interval. (C) Pleiotropy Stouffer’s Z for the 1047 
more conservative set of 15 orthogroups identified by intersecting the 33 candidate OGs of the main 1048 
analysis (FDR < 0.1) with results derived from nine additional PicMin omitting closely related 1049 
Eucalyptus and Helianthus species. Dotted lines delimit the 95% confidence interval. (D) Duplication 1050 
bootstrapping assessment of the top 33 orthogroups (FDR < 0.1) against 10,000 random draws. The 1051 
red triangle represents the average duplication number in the candidate set of orthogroups, while the 1052 
black circle and line represent mean and 95% interval of 10,000 random draws respectively. 1053 
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