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Abstract

Changing species distributions due to global change underscore a pressing need to better
understand range limits. However, our knowledge of general determinants of range limits
remains poor despite over a century of work. Theoretical models demonstrafentbtic drift

should strengthen across environmental gradients. This can limit natural selection to the point
where populations can no longer adapt to new conditions and range edges form. How widely this
theory holds in realvorld populations is uncertai With data comprising 37,397 genotypes

sampled across the ranges of 59 mammal species, we found support for a central role of genetic
drift-imposed limits to selection in setting range limits. While range limits are often considered

in terms of environmaal tolerances at the species level, the efficiency of selection is limited at
the population level. This can explain idiosyncratic patterns of range expansion and collapse due

to climate change and human land use.
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Introduction

No species occurs everywhere. While the distributional limits of species sometimes align with
physical barriers or abrupt changes in environmental conditions, they also commonly taper off
gradually. This is puzzling from an evolutionary perspective becgusan sufficient time and
genetic variation, theory predicts that populations should be capable of adapting and expanding
into neighboring environmen{éntonovics, 1976; Bradshaw, 1991; Bridle & Vines, 2007;

Gaston, 2003; Polechova, 2018he ubiquity of range edges without clear barriers suggests
there are general evolutionary mechanisms that limittatlap to produce such range edges.
Conventional theory suggests that population size should peak in the best environmental
conditions for a species and gradually decrease with distance from the peak as the environment
becomes less suitablBrown, 1984)Fig. 1). This ecological explanation for the emergence of
range edges, wideknown as the abundant center or centnakginal hypothesis, is hotly

debated and empirical support for it remains equiv(i2allas et al.2017; Eckert et al., 2008;

Fristoe et al., 2022; Hargreaves et al., 2014; Kottler et al., 2021y &weet al., 2016; Pironon et

al., 2017; Sagarin & Gaines, 2002; Santini et al., 2019; Singhal et al., 20@&2hypothesis is
agnostic about the reasowhy species cannot expand their geographical distribution by

continuously adapting to environmental changes at range margins.

The population genetics of range edges

From a population genetic perspective, genetic dhié random fluctuation of allelegfquencies
from one generation to the negbuld set range limits by preventing adaptation and range
expansior(Bridle & Vines, 2007; Brussard, 1984; Connallon & Sgro, 2018; Kirkpatrick &
Barton, 1997)Genetic drift erodes genetic divieys reducing the raw material available for

selection to act upon. Natural selection is also less efficient at facilitating the spread of beneficial
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alleles when drift is the dominant evolutionary force, as random allele sampling overwhelms the
determinisic forces of selection. The strength of genetic drift is inversely proportional to
population size, thus centralarginal patterns of abundance predict parallel variation in the
intensity of drift and consequently, the efficiency of natural selectiorsa&qmecies ranges.

Bringing ecological and evolutionary perspectives together, the cemarginal hypothesis

predicts that as environments become less suitable, population sizes decline, genetic drift
strengthens to a point where natural selection cdanger drive adaptation, and populations are

no longer viable and fail to establi@@onnallon & Sgro, 2018)Fig. 1).

We can test whether edge populations experience stronger genetic drift by quantifying effective
population size and genetic diversity at multiple locations across species ranges. The effective
population size estimates the strength of geneitic @hich should be reflected in reduced

genetic diversity. Spatially isolated populations experiencing stronger drift should become
increasingly genetically differentiated (Fig. 1). Empirical tests of the genetic consequences of the
centratmarginal hypthesis that are generalizable across species have not yet been possible
because they require comparable populaiémel data collected across the ranges of many
species from different regiongeckert et al., 2008)ut segSinghal et al., 2022) We leveraged
opensource genetic data for terrestrial mammals worldwide to overcome these challenges.
Access to raw data allowed us to consistently estimate effective population size, genetic
diversity, and differentiation using genotypic data colleétech 37,397 individuals, 1,271

sample locations, and 59 species (RigS1, Table S We modeled the relationship between

range position and genetic composition using spatially and phylogenetically explicit Bayesian

generalized linear mixed models (ddethods).
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Methods

Data

Genetic dataWe systematically harvested publicly archived genetic data for mammal species
sampled across the globe to test our questions. We expanded a database of raw microsatellite
genotypes for mammal species from Canada laadUSA, initially compiled between 202021
(Schmidt et al., 2020; Schdt & Garroway, 2022)to cover archived data for mammals

globally. For detailed methods on dataset assembly methods see Schmi@attraidt et al.,

2020) Briefly, we obtained a list of 5216 names of species with ranges oarauiside of the
United States and Canada from the IUCN database to use as keywords in addition to a

MPLFURVDW ¢ V HAEsakeyhiddoBal*Welxhen performed a systematic search of

the Dryad Digital Repositorjn{tps://datadryad.org/stgsby accessing the Dryad API using a

custom R(R Core Team, 202Kcript. This producedé® results which we then manually

checked for suitability ensuring genotype data were available for the correct species, samples
were collected fronmatural wildlife populations, the study used neutral microsatellite markers,
sample design was appropriate for estimating normal levels of genetic diversity and
differentiation (e.g., samples were not taken after a disturbance or recent bottleneektégear
analysis, offspring were excluded), and with sampling locality and population grouping

information(Data S1)

For each sample location, we recorded latitude and longitude in decimal degrees, year of
sampling if applicable, and sequence of sampliogpopulations sampled over time at the same
location. We recorded the number of loci and individuals sampled from the data directly in R.
We retainedsiteswith at least 5 individuals sampled, and species with at least 5 saitegl&V/e

retained onlylie most recent time point for the few species with temporal sampling.



100 We estimated four metrics of genetic composition for each sample site. First, we estimated gene
101 diversity, a measure of evenness which gives the probability of randomly sampling everdiff

102 DOOHOHV IURP D JURXS RI L Q Gld&gerizpabkage (Jamberfletad.(PPMNLRQ L Q
103 Because gene diversity is computeahifrallele frequencies and not counts of alleles, it is not

104 strongly affected by sample si@@harlesworth & Charlesworth, 201®llelic richness was our

105 second measure of geretliversity. We estimated rarefied allelic richness using the

106 1D O OH O L F higifgtai (Goldet & Joi@bart, 2014)sing 10 alleles as the minimum

107 sample size to ensure estimates were comparable across the entire dataset. We used-population
108 specific kst as a measure of genetic dfl U H Q W L D W LhiRi@StalL Enis iveivi§ de<Qribed

109 in more detail in thd&lapping population structursection below. Finally, we estimated the

110 contemporary effective population size of the parental generation for each sample site using the

111 linkage disequilibrium method implemented in the NeEstimator software (versiofD2. &t al.,

112 2014)accessefrom R with the rLDNe packaggftps://github.com/zakrobinson/RLDINEThe

113 linkage disequilibrium methodnplemented in NeEstimat@s among thenoreaccurate for

114 estimatingcontemporaryeffective population siz€Gilbert & Whitlock, 2015) andit performs

115 especially well for small populationdowever, an estimate of infinity is returned when effective
116 population sizes are extremely large, or when small sample size makes signals of genetic drift

117 difficult to detect. Werkeated these estimates as NA values and excluded them from analysis.

118 Range datawe downloaded range maps from the IUCN

119 (https://www.iucnredlist.org/resources/spatiatadownload. We filtered species range data

120 based on presence, origin, and seasonality, retaining portions of the range where species
121 populations were identified as extant, native, and resident. Many spaoges were
122 fragmented, represented by multiple disjunct polygons. Measuring the distance of a genetic

123 VDPSOH VLWH WR WKH QHDUHVW HGJH RI D SRO\JRQ WKXV GL



124  with respect to the center and margin across an eatige.Instead we measured the distance

125 from each site tol) the nearest edge of a convex hull encompassing the species rangahand 2)
126 geographic range centroi/e drew convex hulls and calculated centroids ineh@ package,

127 ensuring centroids &re located within range polygons. We note that this restriction on range
128 centroids to be inside polygon boundaries means they are not necessarily true cémooids.

129 species, brown beatdrsus arctosand moosdlces alceshad ranges across North Amerarad

130 Eurasialn these cases, we treated range polygons across continents separately aoddew
131 hulls and centroidfor the range oeach continentWe measurethe geodesic distan¢erthe

132 shortest distance between two points along a curved suufsing thegeosphergackage in R

133 (Hijmans, 2019)

134  Although we excluded introduced populations in our geneticwlagge identifiable and

135 removed portions of species ranges classified by the IUGMNrasluced re-introduced

136 vagrant uncertain orassisted colonizatior, species had site87 sites in total) located outside
137 WKH V 8dhvek HNM We chose to retaithese sites, as they may represent expansion not yet
138 recorded in IUCN range data and we predicted they should nevertheless adhere te interior
139 marginal patterns. We made these distances negative to maintain the directionality and

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

141 range interior).

142

143 Bayesian hierarchical models

144 We modeled the genetic composition at sample sites as a function of range position using a series
145 of four Bayesian generalized linear mixed ralsd GLMMSs; 1 per genetic response variable).

146  All variables were scaled and centered so that models were comp#aldepected substantial
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variation in mean values of genetic composition variables across species, and variation in the
effect of distanceat range edge across spedieskert et al., 2008We captured this structure in

our models using random effects that allowed intercepts and slopes to vary across species. This
method has considerable advantages over modeling each species separately because it reduces
Type | error rates, and partial pooling in hierarchical models allows less well sampled species to
borrow statistical strength from better sampled species, resulting in better estimates of effect
sizes. We fit models in R version 4.1.2 using the integratsitid.aplace approximation with

the INLA packagéLindgren & Rue, 2015)

We accounted for spatial autocorrelation in effective population size, gene diversity, allelic
richness, and populatiespecific kst model residuals by modeling a spatial random effect using

a Besagyork-Mollié-type random effediBesag et al., 1991We defined the connectivity

structure of the samgkites with a knearest neighbor method by fixing the number of neighbors
per a site td for effective population sizé for populationspecific ks, and8 for gene diversity

and allelic richness. We chose these connectivity structures by running model candidates with
numbers of connections per a site varying ftbta 8 and chose the model with the bestdithe

data according tthe Deviance Information Criteria (DIQ)Spiegelhalter et al., 2002nd WAIC
(Gelman et al., 2014Both criteria supported the selection of the same model candidates for
further analysis (Table S3)\I candidate connectivity structures captured the neighborhood
structures on each continemtdavoided betweegontinent connections. The motivation for

using a spatial random effect in the model was only to explain the spatially correlated residual
variation without a more wepth analysis of the posterior of the spatial random effect. Finally,

we accounted for potential phylogenetic dependence inpawiess sample with a phylogenetic

random effect. We defined the random effect as a generic random effect, for which the inverse of
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the phylogenetic distance matrix capturing crggscies dependencies was computed with the

function inverseA from FpackagegMCMCglmm(Hadfield, 2018)

Mapping population structure

We exploredspatialpatternsof genetic differentiatioor species using an approach from Kitada
et al.(Kitada et al., 2021that combines estimates of populatgpecific kst and pairwise Erto
characterize spatial population structure@n evolutionary contexPopulatiorspecific Fst

(Weir & Goudet, 2017js a measure of population divergence estimated for individual
sampleg not pairs of samplesthat uses proportions of matching alleles for pairs of alleles
drawn from within and between populatidnsestimate differentiatiorPopulatiorspecific Fst

can be interpreted evolutionarily as how far individual sites have diverged from a common
ancestor of all the sites in the sample. We note that a simplifysugrgsion underlying this
interpretation of populatiespecific Fstis that populations with the highest genetic diversity are
identified as most ancestral. This assumption does not always apply, for example in cases of
extensive admixture or when ancespapulations have undergone a bottlen@<kada et al.,
2021) However, because we use microsatellite markers, we interpret poptdpéoificFstin
terms of contemporary populatigtructure Because it is an estimate of differentiation relative
to a single, common ancestral population, populasipecific st does not provide information
about how differentiated sample sites are relative to each other. For this, we use paitwise F
Combining populatiorspecific Fst, pairwise k1, and spatial metadata carovidea general idea
about regions connected by gene flow and directions of poputiifferentiation We estimated
both Fst metrics in the hierfstat package, usigK H p S BQLHUANVWH] | X Q F WeiRgd WR HV W

&KHVVHU Y GsH ML & Zhevsdr, 1983and p E H W &thiat®\pBpulatiespecific Fst.
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To visualize patternsf differentiation we generated plots per species to represent population

structure in complementary waysiq. 4, Fig. S4)for detailed description of these methods see

(Kitada et al., 2021)We focused on 12 species that had good coverfateir rangeThe first

plot showedpopulationspecifc st YDOXHV DFURVYVY VSHFLHVY UDQJHV 7R Yl
genetic differentiation, we performed a pipal coordinates analysis (PCoA) on the pairwise

genetic differentiation matrix and plotted sites positions on the first two PCoA axes.

Results and Discussion

We found repeated, consistent gradients in genetic composition across mammal species and
regions of the world that align with the view that genetic drift intensifies and natural selection
becomes less efficient closer to range edges. For nearly all spmpesations sampled nearer

the edge of their distribution had smaller effective population sizes, indicating that drift is
stronger near the range edge (Table 1, Fig. 3). This result was corroborated by lower genetic
diversity closer to the range edge térms of both the abundance and evenness of alleles (allelic
richness and gene diversity, respectively) in local populations (Table 1, Fig. 3, Fig. S3). Finally,
edge populations also tended to be more genetically differentiated from populationsamgthe r
interior, suggesting that reduced effective population size at the edge is due in part to reduced
gene flow (Table 1, Fig. 3, Fig. S3). Phylogenetic correlations were low across all genetic
metrics (Fig. S2), suggesting that these patterns are niaredréo contemporary ecological

factors and microevolutionary change than conserved traits or shared demographic histories.
These patterns held for models that did not explicitly account for species relatedness (Table S2).
We also found similar relationgds when quantifying range position as the distance to the

geographic range centroid (Fig. S3). Together, these results support the idea that populations
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nearer range edges tend to be smaller and more spatially isolated than interior populations,
increasiy the strength of genetic drift and removing genetic diversity from populations more
rapidly. Strong drift, ineffective selection, low gene flow, and low genetic diversity are not
conducive to adaptive evolution in changing environments. Genetic dritt toerdefore play a
central role in the formation of range limits regardless of the identity of species or geographic

location of range edges.

Genetic drift and range change dynamics

The patterns of effective population size, genetic diversity, and geliféientiation in relation

to range edges we find (Fig. 3) have direct implications for our understanding of range edge
dynamics under climate change. Our empirical results alitintheoretical models suggesting

the interaction between environmentaddjents and the evolutionary process of genetic drift
combine to produce expansion thresholds at the population level that determine distributional
limits for speciegConnallon & Sgro, 2018; Polechova, 20{Big. 1). These expansion

thresholds can also help explain and predict range expansion and collapse amid global changes
(Kirkpatrick & Barton, 1997; Polechova, 2018; Polechova & Barton, 20t5heseheoretical

models, when rates of environmental change are constant across a species range and populations
are large and genetically diverse, populations are above expansion thresholds and ranges can
expand across environmental gradients indefinitely deentinuous local adaptation. With

constant rates of environmental change and low genetic diversity, populations can fall below
expansion thresholds, causing fragmentation into a network of locally adapted populations or
eventual whole range collapeolechova, 2018¥inally, when rates of environmental change

accelerate, the population size and genetic diversity required for ongoing local adaptation to new



240 environments can increase until local adaptation is no longer possible, and a range edge forms at

241 the expansin threshold.

242 The concept of expansion thresholds caused by genetic drift provides a mechanism for

243 understanding how the effects of huraaused global change on populations can drive

244  wholesale changes in species distributions. Local changes to hahitattuity or population

245 size might increase or decrease expansion thresfiridde et al., 2019)vith rangewide

246 effects. For example, populations in the range interior will likely be more capable ohgdapti

247 climate change than populations at the edge. This is because interior populations will tend to be
248 large and have high genetic variation relative to edge populations, placing these populations
249 above their expansion threshold. According to this ideaevolutionary fates of edge

250 populations will be unpredictable on both trailing and leading edges of the range. The varied
251 regional effects of climate change, which can include changes in temperature, precipitation,

252 seasonality, and species interactiom®ag others, can flatten or steepen environmental

253 gradients at range edges. Because expansion thresholds apply to populations rather than species,
254  range dynamics in response to climate change should be highly variable due to intraspecific
255 variation in poplation structure and the environmental gradients limiting adaptation across the
256 range. Indeed, although poleward range shifts were typically predicted to occur as species track
257 their environmental niche, empirically, there is substantial variation in cregege dynamics.

258 Poleward shifts account for less than half of documented range movdémletts et al., 2019;

259 Rubenstein et al., 2023)

260 Predicting the consequences of habitat loss and fragmentation due to handhaselanay be
261 more straightforward than predicting range changes due to climate change. Rapid reduction of

262 population size and population fragmentation can cause populations to drop below the size
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needed for ongoing adaptation at any position in a ramg@nty near edges (Fig. 1).

Urbanization gradients, for example, are consistently associated with stronger genetic drift,
reduced genetic diversity, and higher genetic differentiation in mammal popul@idnsidt et

al., 2020; Schmidt & Garroway, 2023Ithough locally adapted and fragmented
metapopulations can persist long periodgPolechova, 2018}hey are vulnerable to continued
environmental change. Interior populations that have been fragmented due to human land use
may be less capable of adapting to climate change, meaning it would be unreliable to base
management deéans on the assumption that more centrally located populations will tend to be
more resilient. Thus, monitoring and maintaining genetic diversity and connectivity throughout

species ranges is important for understanding range stability and change.

The curent most widely used tool to understand and predict range dynamics is species
distribution modeling (SDMs)Guisan & Thuiller, 2005)which associates species occurrences
with environments to infer suitable habitats for species as a whole. Using future climate
scenarios, they are used to make predictions aboutdraoyes will shift, expand, or contract in
response to changes in the availability of suitable habitat. Species distribution models thus
typically predict range dynamics as a direct outcome of sphaigitat associations, and ignore
local evolutionary proesses (see$ /HH(<DZ HW DO 09¢of taicOSDMsW D O
but (Benito Garzén et al., 2011; Hallfors et al., 20f@)nonstationary SDMs).

Microevolutionary processes have been shown to be important for predicting changesm speci
distributions, as locally adapted populations are differentially affected by environmental change
(Bay et al., 2018; Fitzpatrick et al., 2021; Jay et al., 2048) considering microevolutionary
responses to environmental change presents a sofures in the predictions of future ranges

"$ P H Q\zzurro, 2020; Hanspach et al., 2011)
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Resolving inconsistencies

Tests of the abundant center hypothesis are data intensive, and syntheses of this topic have had to
contend with methodological heterogeneity across studies that add statistical fariseto
metaanalysegEckert et al., 2008; Fristoe et al., 2022; Sagarin et al., 2006; Sagarin & Gaines,
2002; Santini et al., 2019; Soberdn et al., 2008 were abléo overcome these drawbacks by
harvesting publicly available genetic data, enabling us to consistently estimate metrics of genetic
composition and range position across disparate studies. A prominent reason why the central
marginal hypothesis has been stdted stems from differences in how range position is

defined. Several continuous and categorical metrics have been used to describe range position,
including distance from the range edge, the geographic range center, or the environmental niche
center(Eckert et al., 2008; Fristoe et al., 2028Je have focused on distance from the range

edge, a measure of peripherality that makes no assumption about where in the range the core
population lies. We note however, that we find similar results when estimating patterns using
distance from the geographic range center. Genetic diversity is higher, and differentiation is
lower nearer range centroids, although we detected no effect adidettistance on effective

population size (Fig. S3).

Centratmarginal patterns are likely better thought of in terms of-avaeginal patterns, of

which the abundant center is a special ¢gsistoe et al., 2022 Cores, wherever they occur in a
range, should be wetlonnected and have high gene flow and genetic diversity, with populations
extending toward a range edge becoming increasingly differentiated and less diverke (Fig.

The spatial genetic predictions we test here do not make any assumption about the location of the
range center, and depend only on populakkwel evolutionary dynamics through space in

relation to range edges. To visualize the position of rangs,coeemapped spatial genetic
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structure using pairwisest-(Nei, 1987)andpopulationspecific st (Weir & Goudet, 2017jor a
subset of species with the best geographic sampling across (&imge4, S4, See S| Methods).
These maps suggest that although core populations tend to be in the range interior, they often
cover very large proportions of the range. Large core populations and the assumption that cores
occur in the geographical centdrranges likely contribute to different strengths of effect sizes

we find across species (Fig. 3) and mixed support formanginal patterns in the literature.
Coremarginal patterns may be weak and difficult to detect in most places, leading the joatter

be masked by limited sampling.

Range limits and the arrangement of biodiversity

Recent work showing that genetic diversity also decreases as populations approach transitional
zones between biogeographic regions suggest thatdsficiated limitsotadaptation within

species ranges scale to shape broader biodiversity padeimsidt et al., 2022)Given species
ranges are the unit of organization for higher level biodiversity patterns, this is to be expected.
Wallace(Wallace, 1876jirst delineated regionally distinct biota in 1876, and biogeographic
regions have since become a cornerstone of modern biogeography, macroevolution and
conservation biology. Boundaries of biogeogiapkgions coincide with a relatively high

number of range edges, and drifediated limits to range expansion also appear to prevent
widespread homogenization of regional bi@ahmidt et al., 2022)f drift-mediated limits to

range expansion stand scrutiny, they could be fundamental to the stability and maintenance of
many important facets of biodiversity, all of which are the focus of global conservation efforts

(Pollock et al., 2017)
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The search for explanations for the striking global patterns of biodiversity we see in nature has
long occupied thenterest of naturalists and evolutionary ecologbislit et al., 2013; Sclater,

1858; Udvardy, 1975; von Humboldt, 1807; Wallace, 18R@&\vertheless, establishing how
microevolutionary processes contribute to roesrale patterns in biodiversity has remained a
longstanding challenge (reviewed(idharlesworth et al., 1982; Hancock et al., 202Ihe

global configuration of biodersity is typically understood in light of contemporary and

historical climatgFicetola et al., 2021; Holt et al., 2018)e movement of tectonic plates

(Mazel et al., 2017)he historical spread of lineages between contindetssson et al., 2011)

and speciatiomextinction dynanics occurring through deep tinfldagen et al., 2021; Holt et al.,
2013; Lomolino et al., 2016Pur results highlight a mechanism by which contemporary, micro
scale, populatiotevel demographic and evolutionary processes can contribute to
macioecological patterns in species distributions. The maintenance of these patterns, and how
they will change in the future under global warming and widespread land conversion, depends on
contemporary, populatielevel demographic processes that regulategatypamics and

expansion.
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Fig. 1. Conceptual model of drift-limited range expansion.(A) Population sizes are larger and
more wellconnected toward the range interior where environments are more suitable
(populations 13). As the environment changes, populations become smaller, more isolated, and
more genetically differentiated (population®¥ Expansion thresholds form when populations

are so small that genetic drift overwhelms natural selection and adaptation is no longer possible
(populations 7 and 9)B| Expansion thresholds shift with underlying environmental gradients.
Ranges can expd or contract if environmental gradients flatten (11) or steepen (lll). Expansion
thresholds can also form within species ranges (1V) if new environmental gradients arise (e.qg.,
urbanization, agricultural gradients), leading to range fragmentation.
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Fig. 2. Genetic data from 1271 locations of 59 mammal speciéhe patial distribution of
genetic data from 1271 sample locations is shown for each of the four summary statistics
measured. Gene diversity and allelic richness are metrics of diveféggtive population size
(Ne) measures the strength of genetic drift, and populs@tific Fst (fixation index) is a
measure of genetic differentiation.
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Fig. 3. Variation in genetic diversity and differentiation across species rangeModel

coeffidents of the relationship between range position (distance to the edge of range convex
hull) and each genetic metric (y axis) from Bayesian generalized mixed models controlling for
the spatial distribution of sites and species relatedness. Effective fpapsiae is a

contemporary effective size estimated using the linkage disequilibrium method for single
samples (SI Methods). Gene diversity and allelic richness (rarefied) are two metrics of genetic
diversity. Populatiorspecific Fstis a measure of genedifferentiation that estimates how far

single populations have diverged from a common ancestor of all sites in the sample. Open circles
represent the relationship between range position and genetic metrics across all species with
90% (thin lines) and®% (thick lines) credible intervals. Filled circles are estimated species
specific relationships between range position and the genetic metrics. The dashed vertical line
indicates an effect size of 0. Positive effect sizes indicate genetic diversityrarettaty

increase with increasing distance from the range edge, while negative effect sizes mean genetic
diversity is reduced and populations are more differentiated closer to the range edge.
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Fig. 4. Patterns of rangewide population differentiation. Spatial population structure is
mapped for species with whole range coverage: snowshoellegues(americanysbobcat
(Lynx rufug, grizzly bear {rsus arcto¥, and Eurasian badgeviéles meles see Fig S4 for
additional species. Colors represent gapon-specific kst values, with darker blue colors
depicting sample sites that are less genetically differentiated from the common ancestor of all
sites in the sample relative to orange colored sites, which are the most strongly differentiated.
Plots @A-D) show major axes of population differentiation from a principal coordinates analyses
3&R$ RI 1HL NstSADiciUZeastHes the magnitude of genetic differentiation between
pairs of sites. Sites that are least differentiated from the common ararestioe most well
connected by gene flow (centrally located in PCoA plots). Labels indicate spatial direction of
differentiation that correspond to mapsktiHl). Large dark blue areas across maps suggests that
larger, wellconnected core populations aaover large proportions of the species range and are
not limited to the geographic range center.



Table 1.Summariesof Bayesian hierarchical models relating genetic metrics to range

position. The effect size of range position is given with 95% credible intervals. Range position is
described by the distance to the edge of the range convex hull. Models controlledidaapa
phylogenetic correlationlnerceptis the standard deviation of speegxecific intercepts, and
summarizes variation in mean genetic diversity, effective population sizey aciiéss species.
Liopeis the standard deviation of speegggecifc estimates of the effect of distance, and shows
variation in species responses to range position. Margindikielghood and DIC (Deviance
Information Criterion) are two model fit metrics.

Variable Range positio *intercept *slope Marginal lodikelihood DIC
gene diversity 039(028 t051) 083(0721t0.98) 0.41(034 t047) -985.80 92806
allelic richness 030(019 t041) 056(037 t085 0.32(0.2 t0.35) -1346.52 805.97
effective population size  0.15(0.02 t0.23) 0.43(040 t046) 0.32(0.5 t0.39) -950.9 2312.8:¢

populationspecific Er -0.39(-053 t-025 051(037 t0.69) 0.58(040 t0.80) -1616.84 637.7¢
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