
 

Genetic diversity decreases toward species range edges 1 

Chloé Schmidt1,2,*, Jussi Mäkinen3, Jean-Philippe Lessard4, Colin J Garroway5 2 

1 Department of Biology, Dalhousie University; Halifax, B3H 4R2, Canada  3 

2 German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig; Leipzig, 4 

04103, Germany 5 

3 Research Center for Ecological Change, Faculty of Biological and Environmental Sciences, 6 

University of Helsinki; Helsinki, Finland 7 

4 Department of Biology, Concordia University; Montréal, H4B 1R6, Canada 8 

5 Department of Biological Sciences, University of Manitoba; Winnipeg, R2T 2N2, Canada 9 

*Correspondence: chloe.schmidt@dal.ca 10 

 11 

  12 

mailto:chloe.schmidt@dal.ca


 

Abstract  13 

Changing species distributions amidst global change underscores a pressing need to better 14 

understand the processes that cause range limits. However, despite over a century of work, there 15 

is no consensus regarding whether there are generalizable contributors to the emergence of 16 

species range limits. Species’ geographic distributions frequently taper without obvious physical 17 

or environmental barriers, raising a fundamental question about whether evolutionary processes 18 

contribute to the emergence of species range limits species. Theoretical models suggest that 19 

spatial variation in the strength of genetic drift can reduce the efficiency of natural selection to 20 

the point where range limits form. The extent to which this theory holds in real-world 21 

populations is uncertain. With data comprising 37,397 genotypes sampled across 59 mammal 22 

species’ ranges from 1,271 sample sites, we show that effective population size and genetic 23 

diversity decline toward range edges, while genetic differentiation increases, indicating stronger 24 

drift and reduced gene flow in peripheral populations. These results demonstrate that limits to 25 

range expansion arise predictably as populations become small and isolated, which reduces the 26 

efficiency of natural selection. Our findings point to genetic drift as a general mechanism 27 

constraining range expansion, helping to explain the widespread structure of species’ 28 

distributions and help explain commonly observed idiosyncratic patterns of range configuration 29 

and the organization of biodiversity. 30 

  31 



 

Introduction  32 

No species occurs everywhere. While species’ range limits sometimes align with physical 33 

barriers or abrupt changes in environmental conditions, they also commonly taper off gradually. 34 

The emergence of tapering range edges is puzzling from an evolutionary perspective. Given 35 

sufficient time and genetic variation, theory predicts that populations should be capable of 36 

adapting in response to changing environments, including adaptive expansions into neighboring 37 

habitats1–5. Indeed, most populations experience strong selection throughout their ranges where 38 

they persist and often become locally adapted6. Populations can typically withstand or respond to 39 

selection pressures within their ranges. However, the ubiquity of range edges without clear 40 

physical barriers suggests that general evolutionary mechanisms limit adaptation at these 41 

margins. 42 

 43 

Theoretical models of range edge evolution are well-developed and point to the potential 44 

importance of genetic drift as an evolutionary contributor to range edge formation5,7–9. This 45 

theoretical work is compelling because of its simplicity and potential generality. All populations 46 

experience genetic drift—the collective contribution of random influences on allele frequency 47 

changes from one generation to the next—which erodes genetic diversity over time in proportion 48 

to their effective population size10. The effective population size of a population decreases as 49 

abundance and gene flow between populations decrease, thereby increasing the strength of 50 

genetic drift. Foundational population genetic theory demonstrates that as allele frequency 51 

change becomes increasingly stochastic, the efficiency of the deterministic process of natural 52 

selection declines11,12. The inverse relationship between drift and the efficiency of selection is 53 

also well supported empirically in vertebrates, where, for example, signatures of selection at 54 



 

protein coding genes across the genome become increasingly apparent as effective population 55 

sizes become larger13.  56 

 57 

In theory, all that is required for range edge formation is that effective population sizes decline 58 

toward range edges to the point where genetic drift overwhelms the efficiency of natural 59 

selection and populations become less likely to persist, adapt, and expand (Fig. 1). Genetic drift 60 

can be a general process influencing range limits because drift-mediated limits to the efficiency 61 

of natural selection are independent of the strength of selection acting on particular phenotypes. 62 

The fact that genetic drift reduces the efficiency of natural selection acting across all traits 63 

simultaneously means that drift-mediated reductions in the efficiency of selection can contribute 64 

to the formation of range edges regardless of specific traits or environmental contexts, which will 65 

vary in detail across species, populations, and through time5,11. It also means that we can test the 66 

contribution of drift-mediated limits to natural selection to range edge formation using simple 67 

measures of genetic drift (i.e., effective population size) estimated at multiple points across a 68 

species range14. Empirically, even if genetic drift is a general contributor to range edge 69 

formation, we can be certain that genetic drift will be one among many other, likely more 70 

idiosyncratic and context-specific, contributors to the emergence of range edges.  71 

 72 

Although theoretical models strongly suggest that genetic drift is likely important for the 73 

emergence and maintenance of range edges across species, empirical evidence supporting the 74 

prevalence of this pattern in nature is limited (see 15). We tested whether edge populations 75 

experience stronger genetic drift than populations near the range interior by quantifying effective 76 

population size, genetic diversity, and genetic differentiation at multiple locations across the 77 

ranges of multiple species. Effective population size estimates the strength of genetic drift, which 78 



 

should be reflected in reduced genetic diversity. Due to increasing geographic isolation, small 79 

edge populations receiving lower gene flow should also become increasingly genetically 80 

differentiated and experience stronger drift (Fig. 1). Leveraging open-source genetic data for 81 

terrestrial mammals worldwide, we quantified these genetic metrics for 1,271 local populations 82 

comprising 37,397 individuals sampled across 59 species of mammals scattered across regions of 83 

the world (Fig. 2, S1-2, Table S1).  84 

 85 

Results 86 

Consistent with predictions for drift-mediated limits to selection, spatially and phylogenetically 87 

explicit Bayesian generalized linear mixed models indicated that effective population sizes 88 

declined nearer to range edges for most species, pointing to a general pattern of stronger drift at 89 

range margins (Table 1, Table S2, Fig. 3, Figs. S2-5). We also found lower genetic diversity 90 

closer to the range edge, in terms of both the abundance and evenness of alleles (allelic richness 91 

and gene diversity, respectively) in local populations (Table 1, Table S2, Fig. 3, Figs. S2-5). This 92 

is the predicted consequence of increased genetic drift. Finally, populations near edges also 93 

tended to be more genetically distinct compared to populations further from edges, suggesting 94 

that reduced effective population size at the edge is also in part due to reduced gene flow (Table 95 

1, Table S2, Fig. 3, Figs. S2-5). Our findings of repeated, consistent patterns of spatial variation 96 

in the strength of genetic drift5,9,16 and their consequences for the efficiency of natural selection 97 

emphasizes the potential importance of limits on the process of adaptation itself relative to the 98 

outcome of specific selection pressures11,12,17. That effective population sizes, genetic diversity, 99 

and gene flow declined toward range edges across a globally distributed sample of species 100 

provides compelling support for an important and generalizable role for genetic drift-mediated 101 

limits on genetic adaptation shaping range edges across species and localities.  102 



 

Reconciling ecological and evolutionary perspectives on range edge formation 103 

One of the best developed explanations for the emergence of range edges, the abundant center or 104 

central-marginal hypothesis, is agnostic about the reasons why species do not expand their 105 

geographical distribution through adaptive evolution at range margins. The abundant center 106 

hypothesis focuses on species ecology and posits that population sizes should peak in the center 107 

of the range where environmental conditions (including biotic and abiotic factors) best match 108 

species’ needs, and decline toward edges as environments become less well suited to species’ 109 

ecological needs18. However, it has become increasingly clear that the dynamics of populations 110 

in range interiors are complex and difficult to generalize15,19–29. Regions of high abundance 111 

within ranges often seem to be poorly aligned with geographic range centers, and species can 112 

have multiple abundance peaks across their range19,20,25. However, abundant center demographic 113 

patterns predict parallel variation in the intensity of drift, and thus decreased genetic diversity 114 

and increased population differentiation nearer range edges5,9. We explored support for the 115 

abundant center assumption with our data by fitting similar models using a local population’s 116 

distance from the geographic range center rather than distance from a range edge. We found 117 

similar, but less clear results (Fig. S6), suggesting that distance from the geographic range center 118 

can act as a proxy for the range edge-based processes tested here.  119 

We further explored the abundant center assumption by visualizing the positions of genetically 120 

diverse, well-connected core populations. From a population genetics perspective, population 121 

cores—wherever they occur in a range—should be characterized by high levels of gene flow and 122 

genetic diversity (Fig. 1). To do this, we mapped spatial genetic structure using pairwise FST
30 123 

and population-specific FST
31,32 for the subset of species with the best geographic sampling 124 

across ranges (Fig. 4, S7, See SI Methods). Our maps of spatial genetic structure suggest that 125 

genetic core populations often encompass a large proportion of a species range, suggesting that 126 



 

range interior dynamics tend not to be well-characterized by a single, abundant, centrally located 127 

core population.  128 

The abundant center concept also contributes to an alternative evolutionary explanation for range 129 

edge emergence known as genetic swamping. Due to their higher abundance, central populations 130 

could be net producers of immigrants, and edge populations net recipients, generating density-131 

dependent dispersal toward range edges33. Genetic swamping refers to the idea that migrants to 132 

edge populations that are locally adapted to central environmental conditions would reduce the 133 

mean fitness in edge populations and limit adaptive expansion into neighboring environments. A 134 

growing consensus supported by theory, experimentation, and observational data suggests that 135 

central-marginal patterns of gene flow tend to have neutral22 or net positive effects on the mean 136 

fitness of edge populations due to added genetic diversity22,34. This suggests that rather than 137 

contributing to the emergence of range edges, gene flow to range margins typically facilitates 138 

adaptive evolution by decreasing the strength of drift. Our finding of increased genetic 139 

differentiation at range edges, which implies a restricted flow of individuals and alleles from 140 

core populations, suggests that gene flow from cores to margins is generally limited, providing 141 

additional evidence suggesting genetic swamping does not generally constrain species ranges. 142 

 143 

Weak support for the assumption that cores occur in the geographical center of ranges, and our 144 

finding that genetic core populations are geographically large, has likely contributed significantly 145 

to the mixed support for abundant center patterns in the literature, particularly for abundance. 146 

Tests of the abundant center hypothesis are data intensive, and syntheses of this topic have had to 147 

contend with methodological heterogeneity across studies that add statistical noise to formal 148 

meta-analyses15,20,25,26,35,36. We were able to overcome these drawbacks by harvesting publicly 149 

available genetic data, enabling us to consistently estimate metrics of genetic composition and 150 



 

range position across disparate studies. A prominent reason why the central-marginal hypothesis 151 

has been so debated stems from differences in how range position is defined. Several continuous 152 

and categorical metrics have been used to describe range position, including distance from the 153 

range edge, the geographic range center, or the environmental niche center15,20,24. For genetic 154 

diversity in particular, studies using continuous measures of peripherality are rare15. However, 155 

our findings that core populations tend to be large suggest that it is difficult to consistently 156 

categorize range position across species. Distance from the range edge, as used here, is a 157 

continuous metric that makes no assumption about where in the range the core population lies.  158 

 159 

We focused on mammals, and our dataset had a high concentration of samples from North 160 

America and Europe, which may affect the generalizability of our results. The predictions of the 161 

theoretical model of range edge formation we test here do not vary depending on location or 162 

species characteristics—indeed, its wide applicability is necessary for understanding whether 163 

genetic drift could be a general contributor to range edge formation. Very few species deviated 164 

from the pattern of decreased genetic diversity nearer range edges in our results (Fig. 3), and 165 

there was no tendency across genetic metrics for these species to be those sampled outside of 166 

North America or Europe. Previous work based on literature surveys, categorical measures of 167 

geographic peripherality, and distance from range centroid report find generally high support for 168 

reduced genetic diversity in range edge populations, however with variable consistency of the 169 

pattern across plants and animals15,24,37,38. The evolutionary histories and contemporary 170 

demography of individual species can contribute to variation in spatial genetic patterns in 171 

idiosyncratic ways that would introduce noise, but not bias into statistical models27,37. Thus, 172 

while our data precludes full generalization across taxa and location, there is no strong reason to 173 



 

suspect consistent deviation from this pattern based on species traits or characteristics of species 174 

ranges. 175 

 176 

Genetic drift and range dynamics in a changing world 177 

Our empirical results align with theoretical models suggesting that the interaction between 178 

environmental gradients and the evolutionary process of genetic drift combine to produce 179 

expansion thresholds at the population level that can form distributional limits for species5,14. 180 

However, the current most widely used tool to understand and predict range dynamics is species 181 

distribution modeling39, which associates species occurrences with environments to infer suitable 182 

habitats for species as a whole. Using future climate scenarios, species distribution models are 183 

used to make predictions about how ranges will shift, expand, or contract in response to changes 184 

in the availability of suitable habitat. Species distribution models thus typically predict range 185 

dynamics as a direct outcome of species-level habitat associations while not explicitly 186 

considering evolutionary processes (see 40,41 for static species distribution models, but 42,43 for 187 

non-stationary species distribution models). Microevolutionary processes, which act on 188 

populations and can vary across species’ ranges, have been shown to be important for predicting 189 

changes in species distributions44–48. Because expansion thresholds apply to populations rather 190 

than species, range dynamics in response to climate change should be highly variable and driven 191 

by intraspecific variation in population structure and environmental gradients across species 192 

ranges. For example, rapid reduction of population size and population fragmentation can cause 193 

populations to drop below the size needed for ongoing adaptation at any position in a range—not 194 

only near edges—with range-wide effects5. Conversely, deteriorating environmental conditions 195 

in core populations may increase dispersal to range edges, making genetic diversity available in 196 

edge populations and placing them above expansion thresholds5. Although poleward range shifts 197 



 

were typically predicted to occur as species track their environmental niche, empirically, there is 198 

substantial variation in range change dynamics. Poleward shifts account for less than half of 199 

documented range movements49,50, and asymmetric changes in abundance recorded across 200 

species ranges during range shifts oppose predictions for non-evolutionary, species-level 201 

environmental tracking, and suggest population-level processes underlie range change 202 

dynamics51.  203 

Establishing how microevolutionary processes contribute to macro-scale patterns in biodiversity 204 

has remained a longstanding challenge (reviewed in 52,53). Species ranges are the unit of 205 

organization for higher-level biodiversity patterns, such as biodiversity hotspots, biogeographic 206 

regions, and the latitudinal richness gradient. If drift-mediated limits to range expansion stand 207 

scrutiny, they could be fundamental to our ability to forecast changes in macroecological patterns 208 

of biodiversity. Our results highlight a general mechanism by which contemporary, micro-scale, 209 

population-level demographic and evolutionary processes can contribute to the evolution of 210 

species range limits and their dynamics under global change. 211 

 212 

Methods 213 

Data 214 

Genetic data. We systematically harvested publicly archived genetic data for mammal species 215 

sampled across the globe to test our questions about the contributions of population genetics to 216 

range edge formation. We expanded a database of raw microsatellite genotypes for mammal 217 

species from Canada and the USA, initially compiled between 2017-202154,55, to cover archived 218 

data for mammals globally. For detailed methods of dataset assembly methods see Schmidt et al. 219 

54. Briefly, we obtained a list of 5216 names of species with ranges occurring outside of the 220 



 

United States and Canada from the IUCN database to use as keywords in addition to a 221 

‘microsat*’ search term (e.g., Alces alces microsat*). We then performed a systematic search of 222 

the Dryad Digital Repository (https://datadryad.org/stash) by accessing the Dryad API using a 223 

custom R 56 script. This produced 269 results which we then manually checked for suitability, 224 

ensuring genotype data were available for the correct species, samples were collected from 225 

natural wildlife populations, the study used neutral microsatellite markers, sample design was 226 

appropriate for estimating normal levels of genetic diversity and differentiation (e.g., samples 227 

were not taken after a disturbance or recent bottleneck, if parentage analysis, offspring were 228 

excluded), and with sampling locality and population grouping information (Data S1).  229 

For each sample location (local population), we recorded latitude and longitude in decimal 230 

degrees, year of sampling if applicable, and sequence of sampling (for populations sampled over 231 

time at the same location). We maintained local population groupings as delineated in the 232 

original work, and make no assumption about genetic populations or population structure. We 233 

recorded the number of loci and individuals sampled from the data directly in R. We retained 234 

local populations with at least 5 individuals sampled, and species with at least 5 local 235 

populations. The median number of individuals sampled per site across all species was 22 236 

(range: 5 – 1050 individuals; Table S1). We retained only the most recent time point for the few 237 

species with temporal sampling. 238 

We estimated four metrics of genetic composition for each local population. First, we estimated 239 

gene diversity, a measure of evenness which gives the probability of randomly sampling two 240 

different alleles from a group of individuals (‘Hs’ function in the adegenet package57. Because 241 

gene diversity is computed from allele frequencies and not counts of alleles, it is not strongly 242 

affected by sample size58. Allelic richness was our second measure of genetic diversity. We 243 

https://datadryad.org/stash


 

estimated rarefied allelic richness (‘allelic.richness’ in hierfstat59 using 10 alleles as the 244 

minimum sample size to ensure estimates were comparable across the entire dataset. We used 245 

population-specific FST as a measure of genetic differentiation (‘betas’ in hierfstat). This metric 246 

is described in more detail in the Mapping population structure section below. Finally, we 247 

estimated the contemporary effective population size of the parental generation for each local 248 

population using the linkage disequilibrium method implemented in the NeEstimator software 249 

(version 2.160 accessed from R with the rLDNe package 250 

(https://github.com/zakrobinson/RLDNe). The linkage disequilibrium method implemented in 251 

NeEstimator is among the more accurate for estimating contemporary effective population size 252 

61, and it performs especially well for small populations. However, an estimate of infinity is 253 

returned when effective population sizes are extremely large, or when small sample size makes 254 

signals of genetic drift difficult to detect. We treated these estimates as NA values and excluded 255 

them from analysis.  256 

Range data. We downloaded range maps from the IUCN 257 

(https://www.iucnredlist.org/resources/spatial-data-download). We filtered species range data 258 

based on presence, origin, and seasonality, retaining portions of the range where species 259 

populations were identified as extant, native, and resident. Many species ranges were 260 

fragmented, represented by multiple disjunct polygons. Measuring the distance of a genetic 261 

sample site to the nearest edge of a polygon thus did not necessarily represent a site’s position 262 

with respect to the center and margin across an entire range. Instead, we measured the distance 263 

from each site to: 1) the nearest edge of a convex hull encompassing the species range, and 2) the 264 

geographic range centroid. We drew convex hulls and calculated centroids in the terra package, 265 

ensuring centroids were located within range polygons. We note that this restriction on range 266 

centroids to be inside polygon boundaries means they are not necessarily true centroids. Two 267 

https://github.com/zakrobinson/RLDNe
https://www.iucnredlist.org/resources/spatial-data-download


 

species, brown bears Ursus arctos and moose Alces alces, had ranges across North America and 268 

Eurasia. In these cases, we treated range polygons across continents separately and drew convex 269 

hulls and centroids for the range on each continent. We measured the geodesic distance, the 270 

shortest distance between two points along a curved surface, using the geosphere package in R 271 

62.  272 

Although we excluded introduced populations in our genetic data where identifiable and 273 

removed portions of species ranges classified by the IUCN as introduced, re-introduced, 274 

vagrant, uncertain, or assisted colonization, four species had sites (22 sites in total) located 275 

outside the species’ convex hull. We chose to retain these sites, as they may represent expansion 276 

not yet recorded in IUCN range data and we predicted they should nevertheless adhere to 277 

interior-marginal patterns. We made these distances negative to maintain the directionality and 278 

interpretation of our distance measure (higher values of distance indicate moving toward the 279 

range interior). 280 

 281 

Bayesian hierarchical models 282 

We modeled the genetic diversity and genetic differentiation in local populations as a function of 283 

range position using a series of four Bayesian generalized linear mixed models (GLMMs; 1 per 284 

genetic response variable). All response and explanatory variables were scaled and centered so 285 

that models were comparable. We expected substantial variation in mean values of genetic 286 

composition variables across species, and variation in the effect of distance to range edge across 287 

species15. We captured this structure in our models using random effects that allowed intercepts 288 

and slopes to vary across species. For each response variable we defined the linear predictor as: 289 

𝑦𝑗(𝑠𝑖) = 𝛼 + 𝑥(𝑠𝑖 )𝛽 + 𝜂𝑗 +  𝑥(𝑠𝑖)𝛾𝑗  + ℎ𝑗 + 𝑔(𝑠𝑖) + 𝜀𝑖 290 



 

where 𝑦𝑗(𝑠𝑖) is response value of species 𝑗 at location 𝑠 of sample 𝑖, 𝛼 is the model intercept, 291 

𝑥(𝑠𝑖 ) is distance to range edge, 𝛽 is a fixed effect of range edge, 𝜂𝑗 is the species-specific 292 

intercept, 𝛾𝑗 is species specific deviation from the fixed effect of range edge, ℎ𝑗  is a 293 

phylogenetically correlated species specific intercept, 𝑔(𝑠𝑖) is a spatial random effect, and 𝜀𝑖 are 294 

the model residuals. With this model structure, we could estimate the average response (𝛽) of a 295 

genetic response variable to the distance to range edge and the random variation between species 296 

in how their responses (𝛾𝑗) deviate from the average. To account for the conspecific variation in 297 

the average of a genetic metric we included independent (𝜂𝑗) and phylogenetically (ℎ𝑗) 298 

correlated species-level random intercepts. Lastly, the locations of sample sites may cause model 299 

residuals to be spatially autocorrelated, which violates the assumptions of linear regression. We 300 

thus accounted for spatially varying intercepts by testing for spatial autocorrelation and including 301 

a spatial random effect 𝑔(𝑠𝑖) when necessary. Our motivation for using a spatial random effect 302 

was only to explain the spatially correlated residual variation, not to further explore spatial 303 

variation.  304 

We defined the random effects as follows: 305 

The species-level random intercept and response to range edge were defined as two-dimensional 306 

correlated random effects, which are independently distributed among species. The effects are 307 

defined as: 308 

[𝜂 , 𝛾] ~𝑁(0, 𝑊−1), 309 

where 𝑊−1
𝜂,𝜂 = 1/𝜏𝜂,  𝑊−1

𝛾,𝛾 = 1/𝜏𝛾 and  𝑊−1
𝜂,𝛾 = 𝜌/√(𝜏𝜂𝜏𝛾). The precision parameter 𝜏 310 

captures the variance of the species-specific effects, and 𝜌 captures their correlation. Hence, we 311 

test whether species that, on average, have higher values of a genetic response variable have a 312 



 

larger or smaller effect of distance to range edge than an average species. In the case that 𝜌 313 

deviates from zero, we can borrow strength across the random effects and narrow their 314 

conditional uncertainties. This method has considerable advantages over modeling each species 315 

separately because it reduces Type I error rates, and partial pooling in hierarchical models allows 316 

less well-sampled species to borrow statistical strength from better sampled species, resulting in 317 

better estimates of effect sizes. We assigned a Wishart-distribution prior with four degrees of 318 

freedom, marginal variances set to one, and correlation to zero.  319 

We defined the phylogenetic random effect as a generic random effect so that 320 

[ℎ] ~𝑁(0, 𝑄ℎ
−1), 321 

where 𝑄ℎ
−1 = 𝜏ℎ𝐶. The inverse correlation matrix 𝐶 is the inverse of the phylogenetic distance 322 

matrix computed with the function inverseA from the R-package MCMCglmm63. The variance 323 

parameter 𝜏ℎ was assigned a penalized complexity prior which gives a 0.1 prior probability that 324 

the standard deviation of ℎ (= 𝜏ℎ
−1/2) has a value larger than one. This is a relatively vague 325 

prior. We also fit models without a phylogenetic random effect to test the sensitivity of our 326 

results to the inclusion of the phylogeny (Table S3). 327 

Lastly, we defined the spatial random effect as a Besag-type random effect, for which the value 328 

in a location is an average of the values of the adjacent sampling locations64. The random effect 329 

at location s conditional on connected study location is defined as 330 

  𝑔(𝑠𝑖)|𝑔(𝑠−𝑖)~𝑁(𝜇(𝑠𝑖), 𝑄𝑔
−1), 331 

where 𝜇(𝑠𝑖) is the average over the 𝑔 in the nearby study locations and  𝑄𝑔
−1 = 1/𝑁𝜏𝑔. 𝑁 is the 332 

number of connected study locations and 𝜏𝑔 is the precision parameter. We assigned it a 333 

penalized complexity prior which gives a 0.1 prior probability that the standard deviation of 𝑔 (= 334 



 

𝜏𝑔
−1/2) has a value larger than one. We defined the connectivity structure of the study sites with 335 

a k-nearest neighbor method by fixing the number of neighbors per site to 4 for effective 336 

population size, 6 for population-specific FST, 8 for gene diversity, and 2 for allelic richness. We 337 

chose these connectivity structures by running model candidates with numbers of connections 338 

per site varying from 1 to 8 and comparing them to models with no spatial random effect. The k-339 

nearest neighbor is an unsupervised algorithm which assigns connections between sites 340 

according to a priori rules. It considers only the geographical distances between sites and does 341 

not consider oceans or biogeographic regions which could affect the genetic metrics. We visually 342 

inspected all candidate connectivity structures to ensure they captured the neighborhood 343 

structures on each continent and avoided between-continent connections. We measured spatial 344 

autocorrelation with the probability that the Moran Index of residuals deviated from zero, and 345 

excluded models with spatially correlated residuals. Of the remaining model candidates, we 346 

chose the model with the best information content according to WAIC65 (Table S4).  347 

We ran parallel analyses with the same model structure and selection procedure with distance to 348 

range centroid as an explanatory variable instead of distance to range edge. We fit all models in 349 

R version 4.1.2 using the integrated nested Laplace approximation with the INLA package66. We 350 

computed marginal and conditional R2 values for mixed-effects models as additional indicators 351 

of model fit (Table S2)67,68. Marginal and conditional R2 partition the variance explained by a 352 

model into the component explained by fixed effects only (marginal R2) and that explained by 353 

both fixed and random effects (conditional R2).  354 

 355 

Mapping population structure 356 



 

We explored spatial patterns of genetic differentiation for species using an approach from Kitada 357 

et al.32 that combines estimates of population-specific FST and pairwise FST to characterize spatial 358 

population structure. Population-specific FST
31 is a measure of population divergence estimated 359 

for individual samples—not pairs of samples—that uses proportions of matching alleles for pairs 360 

of alleles drawn from within and between populations to estimate differentiation. Population-361 

specific FST describes the decay in genetic diversity and similarity from the most diverse local 362 

population, which is what we were interested in mapping and modeling. Because it is an estimate 363 

of differentiation relative to a single, most diverse sample, population-specific FST does not 364 

provide information about how differentiated sample sites are relative to each other. For this, we 365 

use pairwise FST. Combining population-specific FST, pairwise FST, and spatial metadata can 366 

provide a general idea about regions with large populations well-connected by gene flow that 367 

may represent the “core” areas of a species range. We estimated both FST metrics in the hierfstat 368 

package, using the ‘pairwise.neifst’ function to estimate Nei and Chesser’s pairwise GST
69, and 369 

‘betas’ to estimate population-specific FST.  370 

To visualize patterns of genetic diversity decay and genetic differentiation, we generated 2 plots 371 

per species to represent population structure in complementary ways (Fig. 4, Fig. S7); for a 372 

detailed description of these methods see 32. We focused on 12 species that had good coverage of 373 

their range. The first plot showed population-specific FST values across species’ ranges. To 374 

visualize the major axes of genetic differentiation, we performed a principal coordinates analysis 375 

(PCoA) on the pairwise genetic differentiation matrix and plotted site positions on the first two 376 

PCoA axes.  377 

  378 
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 559 

Fig. 1. Hypothesized conceptual model of drift-limited range expansion. Population sizes are 560 

larger and more well-connected toward the range interior where environments are more suitable 561 

(populations 1-3). As the environment changes, populations become smaller, more isolated, and 562 

more genetically differentiated (populations 4-9). Expansion thresholds form when populations 563 

are so small that genetic drift overwhelms natural selection and adaptation is no longer possible 564 

(populations 7 and 9).  565 
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Fig. 2. Overview of genetic data. The map shows the spatial distribution of genetic data from 567 

1271 sample locations of 59 mammal species (see species-specific maps in Fig. S1). Histograms 568 

show the distribution and range of values for each metric of genetic composition: gene diversity 569 

and allelic richness are metrics of diversity, effective population size measures the strength of 570 

genetic drift, and population-specific FST (fixation index) is a measure of genetic differentiation.  571 
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Fig. 3. Variation in genetic diversity and differentiation across species ranges. Model 573 

coefficients of the relationship between range position (distance to the edge of range convex 574 

hull) and each genetic metric (y axis) from Bayesian generalized mixed models controlling for 575 

the spatial distribution of sites and species relatedness. Effective population size is a 576 

contemporary effective size estimated using the linkage disequilibrium method for single-577 

samples (SI Methods). Gene diversity and allelic richness (rarefied) are two metrics of genetic 578 

diversity. Population-specific FST is a measure of genetic differentiation that estimates how far 579 

single populations have diverged from a common ancestor of all sites in the sample. Open circles 580 

represent the relationship between range position and genetic metrics across all species with 90% 581 

(thin lines) and 95% (thick lines) credible intervals. Filled circles are estimated species-specific 582 

relationships between range position and the genetic metrics. The dashed vertical line indicates 583 

an effect size of 0. Positive effect sizes indicate genetic diversity and connectivity increase with 584 

increasing distance from the range edge, while negative effect sizes mean genetic diversity is 585 

reduced and local populations are more differentiated closer to the range edge. 586 

 587 

 588 
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Fig. 4. Patterns of range-wide population differentiation. Spatial population structure is 590 



 

mapped for species with whole range coverage: snowshoe hare (Lepus americanus), bobcat 591 

(Lynx rufus), grizzly bear (Ursus arctos), and Eurasian badger (Meles meles); see Fig S4 for 592 

additional species. Colors represent population-specific FST values, with darker blue colors 593 

depicting local populations that are the most genetically similar to the most diverse local 594 

population compared to orange colored sites, which are the most strongly genetically 595 

differentiated. Plots (A-D) show major axes of population differentiation from a principal 596 

coordinates analyses (PCoA) of Nei’s pairwise-FST, which measures the magnitude of genetic 597 

differentiation between pairs of local populations. The central location of genetic core 598 

populations with low differentiation in PCoA plots suggest they are well-connected by gene 599 

flow. Labels indicate spatial direction of differentiation that correspond to maps in (E-H). Large 600 

dark blue areas across maps suggests that larger, well-connected core populations can cover large 601 

proportions of the species range and are not limited to the geographic range center. 602 
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Table 1. Summaries of Bayesian hierarchical models relating genetic metrics to range 604 

position. The effect size of range position is given with 95% credible intervals. Range position is 605 

described by the distance to the edge of the range convex hull. Models controlled for spatial and 606 

phylogenetic correlation. σintercept is the standard deviation of species-specific intercepts, and 607 

summarizes variation in mean genetic diversity, effective population size, or FST across species. 608 

σslope is the standard deviation of species-specific estimates of the effect of distance, and shows 609 

variation in species responses to range position. Marginal log-likelihood and DIC (Deviance 610 

Information Criterion) are two model fit metrics. 611 

 612 

Variable Range position σintercept σslope Marginal log likelihood WAIC 

gene diversity 0.37 (0.26 – 0.48) 0.79 (0.59 – 1.03) 0.48 (0.36 – 0.64) -1912.16 1635.06 

allelic richness 0.30 (0.19 – 0.40) 0.66 (0.47 – 0.93) 0.32 (0.24 – 0.44) -1795.71 2895.87 

effective population size 0.15 (0.02 – 0.28) 0.41 (0.31 – 0.53) 0.33 (0.23 – 0.45) -1939.89 2511.31 

population-specific FST -0.33 (-0.45 – -0.22) 0.56 (0.41 – 0.78) 0.48 (0.35 – 0.64) -2300.26 2614.05 
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