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Title 1 

Role of aridity in shaping adaptive genomic divergence and population 2 

connectivity in a Southern African rodent 3 

 4 

Abstract 5 

Elucidating the drivers of evolution in dry environments is central to understanding how 6 

organisms respond to climate change. While research on the genomics of adaptation is 7 

growing, aridity-driven intraspecific divergence remains poorly quantified. Here, we 8 
address this gap by using genomic data from 230 individuals of the arid-adapted four-9 

striped mouse Rhabdomys bechuanae, sampled across an aridity gradient in southern 10 

Africa, a region facing increasing aridification. Combining these data with palaeoclimatic 11 
reconstructions and present-day aridity indices, we investigate, from a spatio-temporal 12 

perspective, how intraspecific genetic variation relates to aridity. Inference of past 13 

effective population size revealed a sharp decline in the late Pleistocene, coinciding with 14 

regional aridification and potentially reflecting changes in connectivity during dry 15 
periods. Current population structure followed a pattern of isolation by distance and 16 

mirrored the aridity gradient. Genotype-Environment Association analyses identified 17 

SNPs and genes significantly associated with aridity and genetically differentiated 18 

among populations, with functions related to water and energy conservation - as 19 

expected under arid conditions - as well as neurotransmission. These findings highlight 20 

the underappreciated role for neurological processes in coping with water and resource 21 

scarcity. More broadly, our integrative genomics approach suggests that aridity shapes 22 
population connectivity and adaptation, with implications for climate resilience.  23 

Keywords 24 

adaptation, aridity, effective population size, genotype-environment association, 25 
population genomics, Rhabdomys bechuanae 26 
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Introduction 28 

Climate change has increasingly been associated with local extinctions [1], shifts in 29 

phenology [2] and alteration of species’ geographic distributions [3]. These responses 30 
tend to be particularly pronounced in harsh environments, such as arid regions, where 31 

species already face several ecological and physiological constraints [4]. With 32 

projections indicating a rise in the intensity and frequency of drought events in the 33 

coming decades [5,6], it is essential to better understand how species respond to both 34 

temporal and spatial variation in aridity. By combining newly generated genomic data 35 

with available palaeoclimatic reconstructions and contemporary measures of aridity, this 36 

study aims to shed light on the role of aridification on the demographic history, spatial 37 
population structure and adaptive responses of a non-model rodent species. These 38 

insights are key for predicting resilience of natural populations under future climate 39 
scenarios and for guiding conservation strategies [7]. 40 

At the individual level, the primary challenges of life in arid environments include 41 

maintaining body temperature and conserving water [8]. These challenges are 42 

especially evident for species that rely on evaporative water loss mechanisms, such as 43 

sweating, to dissipate heat, particularly in mammals [9]. The physiological demands 44 

imposed by such environmental conditions, particularly when experienced over multiple 45 

generations, often exceed the limits of phenotypic plasticity in non-desert-adapted 46 
species. Consequently, it is assumed that strong selection has acted on complex 47 

physiological traits related to energy metabolism, water retention and thermoregulation 48 
in species inhabiting arid environments [8-10].  49 

Genomic studies have identified recurrent genetic patterns among mammals living in 50 

deserts [10]. Evidence of adaptation to arid environments has included elevated allele 51 

frequency differentiation [11,12], reduced genetic diversity [11,13-15], increased non-52 

synonymous-to-synonymous substitution rate ratios [16] and divergent gene expression 53 

patterns [17] in genomic regions involved in key functions for desert adaptation. These 54 

genomic regions often relate to key physiological traits relevant to the survival of both 55 
mammalian specialist and non-specialist species in deserts, including DNA repair, 56 

protein synthesis and degradation [15,16], thyroid hormone levels [11], water retention 57 

[18], lipid [16] and carbohydrate metabolism [11, 13, 19-21]. However, most of these 58 

studies have relied on qualitative comparisons between desert and non-desert species 59 
or populations, and relatively few have explicitly explored quantitative variation along 60 

continuous environmental gradients. Several other studies on the genomics of local 61 

adaptation have demonstrated the power of Genotype-Environment Association (GEA) 62 
analyses to identify polymorphisms associated with continuous environmental variation 63 

[22-24]. In this context, Rocha et al. [10] highlighted the use of the Aridity Index (AI), 64 

known to be a good predictor of certain aridity-adapted phenotypes, as a powerful, 65 

composite and quantitative environmental variable to inform genomic studies of 66 
adaptation to arid conditions. 67 

In this study, we applied a GEA approach to investigate the genomic signatures of 68 
adaptation to arid conditions in Rhabdomys bechuanae, a four-striped mouse species 69 
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from Southern Africa. Its range overlaps with hot arid and hyper-arid summer rainfall 70 

regions of Southern Africa [25]. Divergence from its closest relatives within the 71 

Rhabdomys species complex occurred approximately 3.1-4.3 million years ago [26], 72 

and this diversification has been associated with environmental niche differentiation 73 

[27]. It likely reflects a long-term trend towards increasing aridity and seasonality in 74 

Southern Africa since the late Miocene, coupled with a shift from closed subtropical 75 

woodland to sparse, shrubby vegetation [28]. Currently, R. bechuanae thrives 76 
predominantly in sparsely vegetated areas and nests in bushes. Phenotypic traits 77 

suggest adaptation to aridity; these traits include morphological (longer tail length 78 

related to potential differences in locomotion and/or thermoregulation) and behavioural 79 

divergence (selection of different habitats) from more mesic congeners [23,29], as well 80 

as enhanced osmoregulatory ability, as suggested by differences in blood metabolite 81 

concentrations between populations of R. bechuanae and of its sister species R. 82 

dilectus, occurring syntopically in semi-arid environments [30]. Although R. bechuanae 83 
is considered one of the most arid-adapted species of its genus, it still occupies a wide 84 

environmental gradient, providing an ideal system to investigate whether the aridity 85 

gradient imposes divergent selection pressures on key physiological traits. We therefore 86 
hypothesised that this aridity gradient would impose divergent selective pressures on 87 

key physiological traits related to adaptation to aridity, leading to detectable intraspecific 88 

population differentiation and genetic variation at loci associated with aridity-related 89 
functions. 90 

To investigate genomic signatures of evolution under arid conditions in R. bechuanae, 91 

we generated a genome-wide SNP dataset using restriction-site associated DNA 92 
sequencing (RAD-seq) [31]. Our overarching aim was to evaluate how the temporal and 93 

spatial variation in aridity has shaped the population history and structure of R. 94 

bechuanae, by integrating inferences of historical changes in effective population size 95 
with GEA analyses.  96 

Using an extensive sample of individuals from multiple localities spanning the species’ 97 

aridity gradient, our first objective was to reconstruct  past changes in effective 98 
population size in relation to palaeoclimatically inferred shifts in aridity. We expected 99 

that historical episodes of increased aridity would be associated with population 100 

declines, either due to demographic bottlenecks [32,33], or via reductions in genetic 101 
diversity caused by habitat fragmentation and decreased population connectivity. 102 

Conversely, wetter periods were expected to correspond with population expansions or 103 

increased gene flow.  104 

In addition to temporal variation, spatial variation in aridity may also influence current 105 

population structure and genetic diversity [12,34,35]. Therefore, our second objective 106 

was to characterise the current population structure within R. bechuanae and assess its 107 
relationship with spatial variation in aridity across the species’ range. We predicted that 108 

population structure would correlate with the degree of aridity, reflecting its impact on 109 
gene flow and differentiation. 110 

Our third objective was to assess the genomic basis of adaptation to aridity in R. 111 

bechuanae using a GEA approach with the Aridity Index as a quantitative predictor. This 112 
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approach enabled us to identify loci associated with spatial variation in arid conditions 113 

across the species’ range and to identify potential biological functions that may underpin 114 

survival in arid environments. We hypothesised that site frequency variation would 115 

concentrate in genomic regions linked to key functions for survival in deserts such as 116 

DNA repair, protein modification, osmoregulation, and carbohydrate/fat metabolism 117 
[10,16]. 118 

 119 

Material & Methods 120 

Samples, aridity index and RAD-seq data production 121 

Individual samples of four-striped mice of the genus Rhabdomys were previously 122 

collected in their natural environment between 2007 and 2019 by us or collaborators 123 

[25]. Population-level samples from R. bechuanae were collected specifically for the 124 
present study in 2018 and 2019 (details for trapping procedures in [25]). Based on data 125 

obtained for R. pumilio indicating minimal relatedness at this distance [36], we aimed to 126 

avoid related individuals as much as possible, by selecting mice trapped at least 100 m 127 

apart, except for breeding pairs (a male and a female).  128 

To study fine-scale intraspecific structure, as well as perform GEA and historical 129 

effective population size inferences in R. bechuanae, we selected a large number of 130 

individuals from this species, sampled in 11 different localities at least 20 km distant 131 
from each other and along the aridity gradient (N=230 individual samples in total, 19.82 132 

+/- 4.72 individuals per locality, Table S1). We estimated the aridity level of each 133 

R.bechuanae sampling locality by computing the Aridity Index (AI) at each location ([38], 134 
see Supplementary Material for details). Species identification for all sampled 135 

individuals in the Rhabdomys species complex composed of cryptic species had 136 

previously been obtained via COI sequencing or RFLP genotyping ([25] and procedure 137 
therein; Table S1). DNA extractions for RAD-sequencing were performed from tail 138 

tissues preserved in 98% ethanol, using a 96-Well Plate Animal Genomic DNA Miniprep 139 

Kit (BioBasic Inc.). Since samples from other Rhabdomys species and subspecies had 140 

also been collected for a separate study, we proceeded with RAD-seq library 141 

preparation and sequencing for R. bechuanae samples analysed in this study 142 
concurrently with the other Rhabdomys samples (N = 411 in total). Library preparation  143 

followed the protocol of Etter et al. [39], with modifications as described in [40] (See 144 

Supplementary Material for details). Sequencing was performed using a 2x150 bp 145 

paired-end Illumina NovaSeq 6000 protocol at MGX-Montpellier GenomiX Facility 146 

(Montpellier, France). 147 
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RAD-seq raw data processing and filtering 148 

Following standard Illumina processing and quality filtering, duplicate reads resulting 149 

from PCR amplification were discarded using the program clone_filter implemented in 150 
the Stacks v. 2.66 software [41]. The resulting paired-end reads were demultiplexed and 151 

quality filtered using the process_radtags pipeline, also implemented within Stacks. 152 

Sequence reads were aligned to the reference genome using BOWTIE (v. 2.4.5) [42]. 153 

The reference genome used was the one of the closely related species R. pumilio (2.3 154 
Gb in length; GCA_030674055.1) [43]. Before mapping, putative repeated elements 155 

were hard-masked (i.e., repeated sequences were replaced by stretch of “N”) from the 156 

reference genome using the mouse repeated element Repbase Update (v. 27.06) 157 
database using Repeatmasker v. 4.1.3. [44]. Reads mapping to more than one 158 

reference sequence were discarded, and the maximum number of mismatches allowed 159 

was three. The resulting files were converted to .bam files and sorted using SAMtools v. 160 

1.18 [45]. 161 

The reference-based Gstacks pipeline was applied to cluster reads into RAD loci using 162 

the Marukilow model, minimum mapping quality of 40, and alpha thresholds (for mean 163 

and variance) of 0.05 for discovering single nucleotide polymorphisms (SNPs). Using 164 
the catalogue of loci generated with Gstacks, the populations program was then used to 165 

proceed to SNP and sample filtering steps and generate SNP datasets adapted to each 166 

type of downstream analyses (see Supplementary Material and Table S2 for details).  167 

Inferences of historical changes in effective population size 168 

To evaluate historical events that could have significantly impacted current population 169 

genetic diversity and structure, and test whether historical variations in effective 170 

population size (Ne) coincide with known past variations in the degree of aridity, we 171 

estimated historical changes in Ne using Stairway Plot 2 v.2.1.2, which conducts multi-172 

epoch coalescent inference to assess changes in population size over time [46,47]. We 173 

ran this analysis at two different sample scales: 1) at the R. bechuanae species level, 174 
pooling individual samples from all localities, and 2) at the locality level: within R. 175 

bechuanae, analysing two localities representing the two extremes of the Aridity Index 176 

across the sampled distribution. At each scale, we applied a downsampling procedure 177 
and run the analysis with Nmax = 19 per locality. 178 

The Python program easySFS [48] was first used to generate the folded site frequency 179 

spectrum (SFS) formatted file (v0.0.1) [49]. Since demographic inference from the SFS 180 

is particularly dependent on the presence of rare alleles (i.e., singletons and 181 
doubletons) [50], we used the SNP data set obtained without the -mac filter. In all 182 

cases, the samples with the least missing data were included, and then projected down, 183 

to cover the optimal number of SNPs. For all analyses, the mutation rate was set to 5.7 184 
× 10–9 per site per generation (based on the germline mutation rate found in Mus 185 

musculus in [51]), with a generation time of one year. We considered the entire allele 186 
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frequency spectrum with and without singletons (See Supplementary Material for 187 

details). 188 

Population structure analyses 189 

To describe the structure of genetic diversity within R. bechuanae, we first computed 190 

differentiation statistics (pairwise FST) [52] for all sampled localities with sufficient 191 

sample sizes using the vcftools program v.0.1.16 [53]. To test isolation-by-distance and 192 

isolation-by-environment within R. bechuanae, simple and partial Mantel tests (R ncf 193 
package v. 1.3-2) [54] were conducted to test for correlations between genetic 194 

differentiation among all R. bechuanae localities (using FST/(1- FST) following [55]) and 195 

log-transformed geographic distance, as well as log-transformed environmental 196 
distance (using the Aridity Index). To characterise population structure within R. 197 

bechuanae, we performed a principal component analysis (PCA) and a sparse non-198 

negative matrix factorisation (sNMF) analysis using the R package LEA v.3.14 [56]. For 199 

sNMF analyses, we ran 1,500 repetitions for each value of K ranging from 1 to 8 and 200 
chose the best K by evaluating cross-entropy values. Additionally, a neighbour-joining 201 

tree was generated using SNP data of these same samples with the R package ape (v. 202 

5.7-1) [57]. 203 

Genotype-Environment Association analyses  204 

To explore signals of genetic adaptation to aridity, we conducted Genotype–205 

Environment Association (GEA) analyses. Using extensions of FST-based models, the 206 

rationale was that environmental variables distinguishing differentiated populations 207 

should be associated with allele frequency differences at loci subjected to the selective 208 

constraints they impose [22]. To test for an association between allele frequency 209 

differences between all R. bechuanae localities and the environmental variable of 210 
interest, the Aridity Index, which was computed for all localities using [38], we used the 211 

program BayPass v.2.4, which implements a method accounting for the neutral 212 

correlation of allele frequencies across populations to detect loci associated with 213 
covariables [24]. We first pooled individual genotype information from each of the 11 R. 214 

bechuanae localities, before running BayPass under the standard covariate model, 215 

which uses an Importance Sampling (IS) approximation to identify SNPs associated 216 

with the Aridity Index, and corrects for population structure by using the scaled 217 
covariance matrix Ω of population allele frequencies. Three runs (with different starting 218 

seeds) were performed to test for convergence. To determine the level of association of 219 

each SNP with the Aridity Index and identify SNPs significantly associated, we 220 
computed the empirical Bayesian p-value (eBPis) and Bayes factors (BF) expressed in 221 

deciban units (dB). Three thresholds of BF (or degrees of association) were considered, 222 

following [58] : 10 dB < BF < 15 dB for “strong” evidence; 15 dB < BF < 20 dB for “very 223 
strong” evidence; BF > 20 dB for “decisive” evidence. Additionally, XtX statistics [22], 224 

which explicitly account for population structure through Ω, were outputted by the 225 
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BayPass core model to identify SNPs with significant genetic differentiation among R. 226 
bechuanae populations (see Supplementary Material and Figure S1 for details).  227 

To construct an accurate gene annotation file, we mapped the Mus musculus GRCm39 228 

assembly annotation [59] onto the R. pumilio genome using the default settings of liftoff 229 
software version 1.6.3 [60]. SNPs with a BF greater than 10 dB, as well as those that 230 

both had a BF greater than 10 dB and a significant XtX, were mapped onto the 231 

annotation. We used this annotation to identify genes containing SNPs significantly 232 
associated with the Aridity Index (outlier ‘association’ genes) and among those, genes 233 

containing SNPs both significantly associated and differentiated among populations 234 

(outlier ‘association/differentiation’ genes). For each gene, we first retrieved a full 235 

description from the Alliance of Genome Resources [61], which was then summarised 236 
to obtain a meaningful set of functional information. We performed functional 237 

enrichment analyses on these two lists of outlier genes using Metascape, an online tool 238 

for gene function annotation analysis. The enrichment was initially considered 239 
statistically significant at p < 0.05. P-values were then corrected for false discovery 240 

rates according to the Benjamini-Hochberg method. Only enrichments exhibiting a 241 

corrected padj < 0.05 were considered significant. 242 

 243 

Results 244 

RAD-seq and genotype dataset 245 

Across all 230 R. bechuanae samples analysed, an average of 2,316,057 sequence 246 

reads per sample were mapped against the R. pumilio reference genome, after using 247 

process_radtags to filter for quality and clone-filter to mask potential PCR duplicates 248 
(see Table S3 for details). The alignment rate to the repeat-masked R. pumilio genome 249 

averaged 55.96 % across R. bechuanae samples. The Gstacks analysis resulted in an 250 

average of 151,936 ± 1,779 loci per sample. RAD loci were genotyped with a mean per-251 
sample coverage of 10.94 ± 0.21 X and a mean of 227.88 ± 0.09 base pairs per locus. 252 

The SNP and sample filtering procedures, used to generate the three different R. 253 

bechuanae datasets for population structure analyses, inferences of past effective 254 

population sizes and GEA analyses, resulted in 44,900 (population structure; GEA 255 
datasets), and 147,761 (inferences of past effective population sizes dataset)) final sets 256 
of SNPs (Table S2). After SNP and genotype quality filtering, missing data were on 257 

average 9.56 ± 0.68 % per sample (Figure S2). A total of 154 samples were kept after 258 

individual missing data filtering (< 50%) and downsampling for analysis of population 259 
structure and historical changes in population effective size, while 218 samples were 260 
kept after individual missing data filtering for the GEA (Tables S2 and S3). 261 
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Genetic diversity and population structure in time and space 262 

Historical changes in effective population size in R. bechuanae 263 

Aridity Index (AI) estimations validated our sampling of R. bechuanae along an aridity 264 

gradient in South Africa: AI of sampled localities ranged from 0.0322 (Klein Pella, 265 
classified as hyper-arid) to 0.2457 (Sandveld, classified as semi-arid) (Table S4).  266 

We detected no major differences in the temporal patterns of Ne between two distinct 267 

populations at the semi-arid (Sandveld) or hyper-arid (Klein Pella) extremes along the 268 
aridity gradient, nor any evidence of recent population decline (Figure 1, green and 269 

orange lines ). The two populations showed stable and similiar Ne, from the LGM period 270 

until present, detecting only a difference between the two populations during the LGM 271 
period where Klein Pella population showed a reduction in Ne. When analysing historical 272 

changes in Ne for R. bechuanae as a whole, pooling data from all sampled localities, 273 

Stairway Plot 2 inferred a distinct historical trajectory of Ne compared with intra-274 
population inferences (Figure 1, red line). Similarly to population-specific inferences, a 275 

steep increase in Ne beginning around 140 thousand years ago (kya) was detected, 276 

followed by a stabilisation around 100 kya, with a median Ne estimate of 4,434,261 277 

individuals reached around 60 kya. From ~30 kya - shortly before the Last Glacial 278 
Maximum (LGM) - the species-level trajectory departed from population-specific 279 

inference, with Ne declining gradually and then sharply from ~15 kya to the present. This 280 
trajectory was also recovered in the analysis excluding singletons (Figure S3). 281 

Comparison with palaeoclimatic reconstructions from the central summer rainfall zone 282 

of Southern Africa [62], revealed that this period of sharp Ne decline coincides with 283 
repeated and localised arid episodes occurring at 15 – 11, 7–5 and 1.5–0.5 kya  (Figure 284 

1). 285 

 286 

Contemporary R. bechuanae population structure  287 

The analysis of contemporary population structure on all retained R. bechuanae 288 

individuals revealed some degree of genetic clustering  despite low level of intraspecific 289 
differentiation within this species (Figure 2, Tables S5 and S6). Pairwise FST estimates 290 

among R. bechuanae sampling localities were relatively low, spanning from 0.010 to 291 
0.058 (Table S5). Combined, the Principal Component Analysis (PCA) (Figure S4), the 292 

sNMF analysis (Figure 2A) and the neighbour-joining tree (Figure 2C) did not indicate 293 

a clear-cut separation of several sampling localities or groups of localities from each 294 

other.  295 

The sNMF analysis yielded similar cross-entropy values for K = 3 and 4 clusters (Figure 296 

S5), suggesting that these two inferences of population structure are almost equally 297 
likely (Figure 2A). At the lowest cross-entropy value (K=3; Figure 2, Table S6), a first 298 

R. bechuanae genetic cluster grouped most localities from a region corresponding to 299 

the Southern Kalahari (Lake Naute, Mariental, Tswalu, Molopo, Kolomela, Sandveld), 300 
which ranged from a hyper-arid to a semi-arid climate according to the estimated Aridity 301 
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Index. Another cluster was more prevalent in the Gariep and Tussen die Riviere semi-302 

arid localities, and a third cluster was mostly found in the hyper-arid Klein Pella locality 303 
(Figure 2B, Table S6). Genetic differentiation between these groups of localities was 304 

also visible on the neighbour-joining tree (Figure 2C). Most individuals from localities 305 

located centrally in our sampling scheme (Benfontein, Kolomela Mine) did not have 306 

ancestry coefficients > 85 % from one specific cluster and were instead composed of 307 
mixed continuous ancestries (Figure 2C, Table S6), as also suggested by the PCA plot 308 
(Figure S4). 309 

Consistent with the gradual pattern of genetic ancestries observed across the sampled 310 

localities (Figure 2), simple Mantel tests using genetic distances based on FST  values 311 

among R. bechuanae localities (Table S5) showed significant positive correlations 312 

between genetic distance and geographic distance (p = 0.038), indicating  isolation by 313 

distance, as well as between genetic distance and the environmental variable of 314 
interest, the Aridity Index (p = 0.037), indicating isolation by environment (Figure 3). 315 

Since we found a very strong correlation between geographic and environmental 316 
distances (p <0.001) and no significant partial Mantel tests (Table S7), these results 317 

suggest that patterns of isolation by distance and by environment are closely 318 

intertwined, and that genetic differentiation may be shaped by the aridity gradient, which 319 
closely mirrors the geographic distance gradient. 320 

 321 

Genetic basis of adaptation to aridity 322 

Genotype-Environment Association analysis and genomic scan for differentiation  323 

To take advantage of the full aridity gradient across R. bechuanae’s area of distribution, 324 

we performed the GEA analysis at the locality level using BayPass. Given the above 325 

correlations, we expected stringent conditions for the GEA analysis. Indeed, since 326 
BayPass explicitly standardises population allele frequencies for their correlation 327 

structure - here induced by the neutral population structure but also the isolation by 328 

environment signal - we expected a high rate of false negatives when testing for an 329 

association with the Aridity Index. 330 

Overall, despite these stringent conditions, 108 SNPs were found to be significantly 331 

associated with the Aridity Index (significance threshold of 10 dB), distributed across all 332 
genomic scaffolds (Figure 4A, Table S8). Among these, 68 were mapped within an 333 

annotated coding region of the R. pumilio genome, corresponding to 63 outlier 334 
‘association’ genes in total. 335 

Across the three runs of the model, which gave similar results, a total of 1,682 variants 336 
were identified as XtX outliers (Figure 4B). Of these, 65 SNPs displayed “strong 337 

evidence” of association with aridity, as well as a significant XtX value. Among them, 45 338 

were mapped within an annotated coding region of the R. pumilio genome, 339 
corresponding to 41 outlier ‘association/differentiation’ genes. 340 
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 341 

Functional analyses  342 

All 63 genes associated with aridity, as well as the subset of 41 genes that were both 343 

associated with aridity and showed significant genetic differentiation across R. 344 
bechuanae populations, had identified homologues in the M. musculus genome, 345 

according to Metascape analyses (for a complete list of outlier genes with functional 346 
details, see Table S8).  347 

The 41 ‘association/differentiation’ outlier genes corresponded to twelve broad 348 
functional physiological pathways (Table S8), reflecting diverse metabolic functions. In 349 

Figure 4, we present one representative gene from each pathway, selected for showing 350 

the strongest signal of association with the Aridity Index. Among the most promising 351 

candidate genes were those involved in nervous system functions (e.g., ADGRB1, 352 
WHAMM, see Table S8). Notably, Gene Ontology (GO) terms related to 353 

neurotransmission showed the strongest degree of enrichment (padj < 0.01) among 354 
genes associated with the Aridity Index, with twelve GO terms significantly enriched 355 
overall (Figure 5, Table S9).  356 

Several genes were also linked to maintaining cellular integrity and stability of genetic or 357 

protein information. These included genes associated with osmoregulation (e.g., 358 

EFCC1), cellular response to stress (e.g., SLC37A3), and protein metabolism (e.g., 359 

TMEM44). Both gene sets – those associated with aridity and those both associated 360 

and differentiated – contained genes involved in the regulation of transcription (e.g., 361 
ESRP2, see Table S8). Relevant GO terms were significantly enriched among genes 362 

associated with aridity (Figure 5), and approached significance (padj = 0.063) among 363 

associated/differentiated genes (Table S9). Furthermore, GO terms related to 364 

cytoskeleton regulation and GTPase activity were also near the threshold for 365 

enrichment significance in the associated/differentiated gene set (padj = 0.063) (Table 366 

S9), with genes such as WHAMM or EEFSEC among top candidates (Figure 4, Table 367 
S8).  368 

Finally, several genes with potential relevance for energy conservation were identified. 369 

These included genes involved in lipid metabolism (e.g., SDR9C7), carbohydrate 370 

metabolism (e.g., GNAQ), immunity (e.g., STING1), and sweet taste perception 371 
(TAS1R2, see Table S8). 372 

Discussion 373 

In this study, we generated RAD-seq data to investigate patterns of intraspecific genetic 374 
diversity and responses to aridity in the African four-striped mouse, Rhabdomys 375 

bechuanae, a rodent species broadly distributed across an aridity gradient in Southern 376 

Africa. By developing an original integrative approach, combining genomic data with 377 

fine-scale contemporary and historical aridity data available for the Southern African 378 

region and leveraging a natural aridity gradient to investigate signatures of aridity-driven 379 
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intraspecific divergence using GEA analyses, our study provides significant insights into 380 

population-level responses to increased aridity in a homeothermic rodent species.  381 

Our results suggest a recent decline in effective population size at the species level, 382 

coinciding with Holocene aridification. Additionally, we found that genetic diversity within 383 
the species is shaped by spatial structure of the environment, closely linked to variation 384 

in aridity across its distribution range. We detected allele frequency shifts associated 385 

with aridity levels, enabling identification of candidate genes and functions potentially 386 
involved in adaptation to arid environments. As predicted, we identified candidate 387 

genomic regions associated with classical desert survival phenotypes, including DNA 388 

repair/protein modification, osmoregulation and carbohydrate/fat metabolism [10,16]. 389 

However, remarkably, the strongest functional enrichment signal emerged for genes 390 
involved in neuronal transmission functions, bringing novel insights into the role of 391 

neurological processes in coping with osmotic stress and resource scarcity. Together, 392 

these findings support the hypothesis that genetic variation in R. bechuanae reflects 393 
both its demographic history, shaped by past climatic fluctuations, and the selective 394 

pressures imposed by spatial variation in aridity across its distribution range [63,64]. 395 

Population structure and historical changes in effective population 396 

size in response to aridification 397 

Although genetic differentiation amongst R. bechuanae localities was relatively low 398 

overall, our analyses revealed genetic clustering (three clusters) with the sNMF 399 
approach, along with significant correlation between genetic and geographical 400 

distances. This intraspecific structure was also supported by both PCA and neighbour-401 

joining analyses. The observed pattern of isolation by distance provided evidence of 402 

restricted gene flow across the species’ distribution range, which aligns with the 403 
patchiness of favourable habitat available for R. bechuanae in the arid and semi-arid 404 

regions of Southern Africa [25,65]. Isolation by distance results from constraints on 405 

dispersal, through habitat patchiness for example, thereby promoting the population 406 
structure observed here despite the species’ relatively continuous regional distribution. 407 

Our findings support this hypothesis through the detection of significant isolation by 408 

environment associated with the Aridity Index variable, although this variable showed 409 
strong correlation with geographic distance. The population structure analysis identified 410 

genetic clusters that correspond to populations at the opposing ends of the aridity 411 

gradient (Klein Pella representing the arid extreme, and Sandveld the semi-arid 412 

extreme), both of which have relatively peripheral positions in the species’ range. This 413 
spatial arrangement suggests that the observed genetic structure could reflect 414 

adaptation to distinct environmental conditions along the aridity gradient, which may 415 

have imposed divergent selective pressures on R. bechuanae populations, supporting 416 
the hypothesis that aridity is a key driver of population structure in this species.  417 

Historical demographic events, such as range expansions, population bottlenecks or 418 

divergence due to local adaptation or neutral processes, may have shaped patterns of 419 

population structure and diversity in R. bechuanae and may be partly related to past 420 
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climatic events. This motivated us to infer historical changes in effective population size 421 
and correlate results with known past climatic events.  422 

A marked decline in the hyper-arid locality Klein Pella around the Last Glacial Maximum 423 

was observed, suggesting that biome changes induced by the last deglaciation in 424 

Southern Africa [66] partly drove R. bechuanae population history. According to 425 

palaeoclimatic reconstructions from central Southern Africa, aridification took place in 426 

the R. bechuanae distribution range in the late Pleistocene [62]. During this time, the 427 

Southern Kalahari experienced a gradual increase in temperature [67] that may have 428 

contributed to Ne reduction in ancestral populations observed at the arid extreme, 429 
upholding our prediction of Ne decline during dry periods. In more recent times, single-430 

locality effective population size (Ne) was largely stable and similar between 'arid' or 431 

'semi-arid' localities. The similar effective population size trends inferred in relatively 432 

peripheral localities at each environmental ‘extreme’ in recent times can be attributed to 433 
low migrant rates [68].  434 

Different trajectories between single-locality and species-level inferences were also 435 
observed, as a decline in Ne was inferred at the species level from 15 thousand years 436 

ago, but not in any of the localities on their own.  437 

In this study, it seems unlikely that the recent reduction in Ne at the species level 438 

reflects changes in effective population size : these patterns  could instead 439 

be consistent with a strong effect of  structuration within R. bechuanae. Indeed, signals 440 

of past changes in population size in such inferences can often reflect stable population 441 
structure or variations in population connectivity [68-70]. However, this effect is likely a 442 

complex mix of intra- and inter-deme effects and difficult to fully analyse with SFS-443 

based inference methods [68]. Given the coincidence between the period when a signal 444 
of reduced Ne is detected and repeated and localised arid past episodes [62], 445 

structuration and connectivity may have been influenced by fluctuation in aridity. 446 

Specifically, arid conditions and their impact on the vegetation may alter population 447 

dynamics of striped mice [71], as well as the distribution of nesting sites, concentrating 448 
them in scattered patches of appropriate vegetation [65], and lack of favourable habitat 449 
may create barriers that impede dispersal and gene flow between populations [72].   450 

The patterns of genetic diversity emerging from aridification remain relatively 451 

unexplored in the literature; previous studies on vertebrate models report a link between 452 

past changes in aridity and genetic diversification [73], or changes in connectivity [74]. 453 

Overall, our results support the hypothesis that past climatic fluctuations in the Southern 454 

Kalahari and central South Africa may have been important factors shaping effective 455 
population size and population structure of R. bechuanae, although other neutral and 456 

adaptive factors could also be involved. Historical periods of increased aridity could not 457 

only have reduced population connectivity but may have also created opportunities for 458 
local adaptation if geographically separated populations experienced different 459 

environmental pressures along the aridity gradient. This dual effect of aridity, both 460 

fragmenting populations and creating divergent selective environments, provides a 461 

comprehensive explanation for the observed genetic structure in R. bechuanae.  462 
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Adaptive genomic variation along an aridity gradient  463 

This study enabled the identification of several SNPs associated with the Aridity Index 464 

variable, despite the very stringent conditions of the BayPass analysis due to significant 465 
correlations between genetic, geographic and environmental (Aridity Index) distances. 466 

While these conditions reduced the overall power of the analysis, they also 467 

strengthened the reliability of the identified SNPs. Additional approaches, such as 468 

genome-wide association studies based on well characterised physiological phenotypes 469 
[30], could complement our findings by revealing other genomic regions underlying key 470 

traits for adaptation to aridity. It is unlikely our inferences were biased by small sample 471 

sizes in some localities, as GEA studies using Bayes’ factor are not particularly 472 
sensitive to sample sizes [75]. Refining our candidate list of outlier SNPs by focusing on 473 

SNPs located within coding regions and exhibiting significant genetic differentiation 474 

among populations allowed us to identify the most promising outlier SNPs and 475 
candidate genomic regions.  476 

Our hypothesis of differential selective pressures acting on R. bechuanae populations 477 

along the aridity gradient was supported by the identification of outlier SNPs located 478 

within coding regions of genes associated with important biological functions for 479 
adaptation to an arid or desert lifestyle. We identified genes involved in energetic 480 

balance (e.g., lipid metabolism, immunity) and osmotic balance (e.g., osmoregulation, 481 

neuronal processes, body fluids regulation), as well as cellular responses to dehydration 482 
(e.g., protein metabolism, regulation of transcription and cytoskeleton). Rhabdomys 483 

bechuanae face environmental constraints, which can involve high temperatures and 484 

resource scarcity. Even in semi-arid conditions, these challenges cause a strain on 485 

homeostasis, as revealed in R. bechuanae populations from semi-arid locations by 486 
blood markers of osmoregulation, immunity and energy levels [30]. More arid conditions 487 

could cause cellular stress, and exacerbate the effects of dehydration due to lack of 488 

water and rapid water loss (e.g., respiratory water loss, evaporative cooling). Overall, 489 
consistent with our predictions, our results suggest that various physiological 490 

mechanisms may enable R. bechuanae to cope with harsh conditions and inhabit drier 491 

environments. We synthesised previous findings from other species aligning with our 492 
results in Table S8, and discuss in more detail the functions of interest for adaptation to 493 
arid conditions in light of this literature review.  494 

In numerous studies carried out on mammalian species, the same genes, or those 495 

involved in similar functions as reported in our study, are highlighted as containing 496 

SNPs varying with an aridity climatic index (e.g., Moisture index [76]), differentially 497 

expressed in arid conditions (e.g., water restriction [20]), or showing signs of selection in 498 

specialist organisms (e.g. [16]). Many of these gene lists identified from previous studies 499 

and in our study intersect, suggesting a genetic basis for adaptation to aridity partly 500 
shared across various mammals. Studies on the basis of adaptation to xeric 501 

environments show convergent changes in tissue composition, gene expression as well 502 

as coding sequences, with significant overlap mostly among related species [10,77].  503 
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Our findings align with key shared mechanisms of adaptation to low resource availability 504 

observed across mammals, especially those involved in maintaining energetic balance, 505 

such as lipid metabolism [10,13,19,78], and immune response [79,80]. Interestingly, 506 

acquiring energy in a food-scarce environment may also involve diet shifts in response 507 

to arid food sources, such as desert plants and insects. These shifts can be facilitated 508 

by mutations in taste receptor genes, such as the sweet taste receptor identified in our 509 

study or in the numbat Myrmecobius fasciatus [81], and bitter taste receptors in the 510 
Peromyscus eremicus cactus mouse [15].  511 

At the cellular level, dehydration-induced changes, such as cytoskeletal rearrangements 512 

[82], may explain the observed association between aridity and genes regulating the 513 

cytoskeleton (e.g., GO terms: filopodium assembly), suggesting possible adaptations to 514 
hyperosmotic stress in the striped mouse. However, dehydration also affects cells 515 

through protein denaturation, transcription/translation suppression, altered adhesion, 516 

increased DNA breaks and protein oxidation, cell cycle arrest, and apoptosis [82-84]. 517 
Consistent with these responses, SNPs associated with aridity were found in genes 518 

involved in protein synthesis and modification, DNA repair, and cellular cycle regulation. 519 

Genes containing outlier SNPs were also enriched for GO terms related to transcription 520 

regulation. These findings align with previous results from selective sweeps studies in 521 

arid-adapted rodents (e.g., Peromyscus eremicus [15]), and meta-analyses of metazoan 522 

genomic and transcriptomic data showing selection on translation-related genes in 523 

harsh environments [85]. Indeed, cellular responses to hyperosmotic stress commonly 524 
involve regulating protein translation and degradation [84]. Overall, our results suggest 525 

strong selection on genes mitigating thermal or hyperosmotic stress and restoring 526 
cellular function after acute stress [83].  527 

Arid environments impose strong selective pressures on osmoregulation mechanisms. 528 

In R. bechuanae, we identified genes containing significantly associated outlier SNPs 529 

involved in osmoregulation, many of which were also reported in other desert rodents 530 

(e.g., Allactaga sibirica, Dipus sagitta, Meriones meridianus and Phodopus roborovskii 531 
[16], Table S8).  Water balance in mammals is regulated by brain-body communication  532 

mediated by central nervous system structures that exhibit marked plasticity in response 533 

to environmental cues in arid-adapted species [86,87]. This may help explain the strong 534 
enrichment of GO terms related to nervous system functions, such as nervous system 535 

development and neurotransmitter regulation, which emerged as the most significant 536 

signal in our study. Although neurological functions are occasionally noted in aridity 537 

adaptation studies (e.g., [13,75,88,89]), they are rarely emphasised as key survival 538 
factors under arid conditions. When mentioned, they are typically discussed in the 539 

context of selective brain cooling in large, heat-adapted mammals [90,91]. 540 

Neurotransmitters, essential for maintaining homeostasis [92], regulate blood flow – a 541 
critical function  in arid environments where dehydration can restrict organ perfusion 542 

[93]. Our identification of outlier genes involved in heart rate regulation and vasculature 543 

development - also differentially expressed in other desert-adapted rodents such as 544 

Abrothrix olivacea [94], supports this. Together, these results support the involvement of 545 
a previously underappreciated functional category – neurological pathways - in the 546 
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genomic response to aridity, offering new directions for research in the evolutionary 547 
physiology of aridity adaptation. 548 

Conclusion 549 

This study sheds new light on how historical climatic fluctuations and environmental 550 

gradients shaped population structure and genetically based responses to aridity in 551 
Rhabdomys bechuanae, a rodent species inhabiting some of the most arid regions of 552 

Southern Africa. By integrating genomic data with fine-scale environmental information, 553 

we uncovered signatures of population differentiation and polygenic adaptation along an 554 
aridity gradient, involving functions linked to osmoregulation, energetic balance, and 555 

cellular stress responses. The list of candidate genes and biological functions provides 556 

a valuable foundation for further research on the molecular mechanisms of adaptation 557 

to arid environments. While we focused on coding regions to identify genes and 558 
functions associated with the Aridity Index, future work incorporating transcriptomic and 559 

non-coding genomic data will be essential to assess the role of gene expression 560 

regulation in this species’ response to increasing aridity and to disentangle the relative 561 
contributions of coding versus regulatory variation. Moreover, although this study 562 

revealed genetically based signatures of adaptation, avoidance behaviours and plastic 563 

physiological responses likely play a critical role in coping with environmental stress 564 

imposed by seasonal variation in aridity [89]. Future studies manipulating water and 565 
food availability, will be key to elucidating the interplay between phenotypic plasticity 566 

and local adaptation in shaping species’ responses to arid conditions.  567 

 568 
  569 
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Figure legends 843 

 844 

Figure 1: Historical changes in effective population size in R. bechuanae.  845 

Stairway Plot 2 analyses (with singletons) showing historical changes in effective 846 

population size (Ne) over the past 130,000 years. The red line indicates the estimated 847 

median Ne, for the whole species (N=129, 146 896 SNPs), the Klein Pella locality 848 

(hyper-arid climate, N=14, 146 534 SNPs) is represented in orange and the Sandveld 849 
locality (semi-arid climate, N=16, 145 767 SNPs) is represented in yellow-green. The 850 

lines represent the median, and the buffers represent the 95% confidence interval. The 851 

grey rectangle marks the period of the Last Glacial Maximum (LGM), while the yellow 852 
rectangles denote recent arid episodes in the Summer rainfall region of Southern Africa 853 
[67].  854 

 855 

Figure 2: Population structure among R. bechuanae samples.  856 

A. sNMF results from K=3 to K=4 for R. bechuanae samples in each locality. 857 

Abbreviations of sampling localities are : Klein Pella (KP); Kolomela Mine (Ko); Lake 858 

Naute (LN); Mariental (Ma); Molopo (Mo); Benfontein (Be); Tswalu (Ts); Sandveld (Sa); 859 
Soetdoring (So); TdR (Tussen die Riviere); Ga (Gariep Dam). B. Map showing the 860 

distributions and genetic compositions of R. bechuanae sampling localities. Pie 861 

diagrams indicate the frequencies of genetic clusters in each locality. Base map: World 862 

Topographic Map Esri Standard, Aridity Index layer was computed from a 0.5° global 863 

grid, using data from Version 3 of the Global Aridity Index and Potential 864 
Evapotranspiration Database [38]. C. Neighbour-joining tree built using ape. Individuals 865 

with an ancestry coefficient > 0.85 for one cluster are coloured according to the colour 866 
code of the corresponding genetic cluster used in panel A. R. bechuanae individuals 867 

without an ancestry coefficients > 0.85 for any genetic cluster are coloured in grey. All 868 
analyses were performed using N=154 individuals and 44,900 SNPs.  869 

 870 

Figure 3: Correlations between genetic distance and geographic/Aridity Index 871 
distances.  872 

Correlation plots with slopes and correlation coefficient R2 estimates between genetic 873 
distance (FST/(1-FST)) and log(geographic distance), and between environmental 874 
distance and geographic distance matrices (orange). Environmental distance is 875 
represented by Euclidean distance in terms of the Aridity Index. 876 

 877 

Figure 4: Genotype-Environment Associations and genetic differentiation in R. 878 

bechuanae.  879 
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A. Manhattan plot of Bayes Factor (BF, in decibans) values from BayPass (standard 880 

covariate model), showing associations between 44,900 SNPs and the Aridity Index 881 

across 24 chromosome-level scaffolds (x-axis : genomic position). The dashed line 882 

marks the BF=10 (“strong” level of association) significance threshold. Outlier SNPs are 883 
in colour; others alternate black/white fill colour by scaffold). B. Manhattan plot of 884 

genetic differentiation (XtX values) from BayPass (core model). The dashed line 885 
indicates the 5% POD significance threshold (XtX = 14.4). Colour scheme as in A. C. 886 

Joint plot of BF and XtX values. Thresholds are shown as dashed lines; SNPs 887 

significant for both statistics are in orange. In all plots, we show the names of some 888 

genes containing significantly associated and differentiated SNPs, involved in functions 889 

relevant to the response to arid conditions (for each function, the gene containing the 890 

SNP with the highest BF was highlighted; SNPs within these genes in red). All analyses 891 
were performed using N=218 individuals and 44,900 SNPs. 892 

 893 

Figure 5: Functional enrichment among genes significantly associated with the 894 
Aridity Index.  895 

Abbreviated description of significantly enriched GO terms (padj < 0.05) are presented 896 
on the left, classified into more general physiological pathways, with level of significance 897 

after Benjamini-Hochberg correction reported on the x-axis. Circle size represents the 898 
number of outlier genes found to be associated with each GO term.  899 

 900 
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