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1  |  INTRODUC TION

Genotypic and phenotypic variation among populations can be 
shaped by many processes, including natural selection, genetic drift, 
and gene flow. Phenotypic variation is often attributed to local ad-
aptation to different environmental conditions occupied by distinct 

populations and species. Among these environmental conditions, 
temperature can be a major force that drives intraspecific pheno-
typic variation. For example, ectothermic species display increased 
thermal tolerance at higher latitudes and elevation, probably as an 
adaptation to more extreme climatic conditions (Campbell- Staton 
et al., 2018; Kealoha Freidenburg & Skelly, 2004; Munoz et al., 2014). 
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Abstract
Species often experience spatial environmental heterogeneity across their range, and 
populations may exhibit signatures of adaptation to local environmental characteris-
tics. Other population genetic processes, such as migration and genetic drift, can im-
pede the effects of local adaptation. Genetic drift in particular can have a pronounced 
effect on population genetic structure during large- scale geographic expansions, 
where a series of founder effects leads to decreases in genetic variation in the direc-
tion of the expansion. Here, we explore the genetic diversity of a desert lizard that 
occupies a wide range of environmental conditions and that has experienced post- 
glacial expansion northwards along two colonization routes. Based on our analyses 
of a large SNP data set, we find evidence that both climate and demographic history 
have shaped the genetic structure of populations. Pronounced genetic differentiation 
was evident between populations occupying cold versus hot deserts, and we detected 
numerous loci with significant associations with climate. The genetic signal of founder 
effects, however, is still present in the genomes of the recently expanded populations, 
which comprise subsets of genetic variation found in the southern populations.
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Intraspecific differences in phenotypic traits can be partly plastic 
(Ayrinhac et al., 2004; Ragland & Kingsolver, 2008) and partly adap-
tive (Campbell- Staton et al., 2017). Here, the identification of loci 
with signatures of selection and that have associations with environ-
mental conditions may enable the identification of genes underlying 
adaptive phenotypic variation (Campbell- Staton et al., 2017, 2020; 
Frichot et al., 2014; Hoban et al., 2016). Numerous genes showing 
signals of thermal adaptation have been identified (Campbell- Staton 
et al., 2017; Frydenberg et al., 2003; Riehle et al., 2001) and linked 
to important molecular functions and biological processes, such as 
lipoprotein metabolism, vasoconstriction and vasodilation, and re-
sponse to oxidative stress (Akashi et al., 2016; Valero et al., 2014).

Other evolutionary processes, such as genetic drift and gene 
flow, can also affect intraspecific genetic structure. The extent 
to which these processes shape the genetic diversity of popu-
lations will depend on population- specific characteristics, such 
as population size and connectivity. For example, small, isolated 
populations may experience substantial divergence from other pop-
ulations through genetic drift alone (Knowles & Richards, 2005). 
Demographic changes triggered by fluctuating environmental con-
ditions can also significantly impact genetic variation (Hewitt, 1996). 
During environmental change, many species experience large distri-
butional shifts, such as range expansions into previously unsuitable 
geographic regions. Range expansion can be viewed as a series of 
founder events where subsets of individuals colonize new areas, 
leading to thinning of genotypes in the direction of the expansion 
(Excoffier et al., 2009; Hewitt, 2000). The signal of serial founder 
events can be especially apparent in mitochondrial DNA (mtDNA) 
population structure due to combined effects of small effective 
population size, maternal inheritance, and fast mutation rates (Cox 
et al., 2018; Excoffier, Foll, et al., 2009; Jezkova et al., 2015, 2016; 
Streicher et al., 2016). Additionally, a phenomenon known as allele 
surfing occurs when populations on the expansion front are small 
and results in individuals of those populations disproportionately 
contributing their alleles to the expansion (Hoban et al., 2016) which 
can enable mutations to establish at expanding range margins and 
reach high frequencies. This can result in genetic patterns that mimic 
selective sweeps and confound analyses of genetic differentiation 
(Excoffier, Foll, et al., 2009; Lotterhos & Whitlock, 2014). The in-
fluence of range expansion on nuclear genome- wide diversity has 
been less explored, although it is likely that range expansion reduces 
standing variation of expanding populations. Reductions in variation 
may in turn impact the adaptive potential of founder populations, 
and therefore fitness in novel environments (Fedorka et al., 2012).

The Desert Horned Lizard (Phrynosoma platyrhinos) currently in-
habits areas of the warm Sonoran and Mojave Deserts as well as the 
cold Great Basin Desert (Figure 1). During the Last Glacial Maximum 
(LGM; approximately 20,000 years ago), when the extent of the 
global ice sheets were at their largest (Clark et al., 2009), P. platyrhi-
nos only inhabited the Mojave and Sonoran deserts (Jezkova et al., 
2016) which were approximately 9°C cooler than they are today 
(Betancourt et al., 1990). After post- LGM warming, this species per-
sisted in situ despite a large increase in temperature over several 

thousand years. Simultaneously, this species expanded northward 
along two independent colonization routes into the western and 
eastern portions of the Great Basin (Jezkova et al., 2016). As a result, 
this species currently has a large distribution encompassing highly 
variable conditions, ranging from some of the hottest and driest 
places on Earth (e.g., Death Valley) to conditions where freezing 
temperatures may persist for 6 months of the year and precipitation 
increases during summer months (Figure 1; Fick & Hijmans, 2017). 
Populations of P. platyrhinos exhibit spatial and temporal differences 
in the number and size of clutches across their range (Pianka & 
Parker, 1975). Northern populations often lay a single, larger clutch 
averaging 9.9 eggs/clutch while southern populations may lay two 
or more smaller clutches averaging 6.8 eggs/clutch (Pianka & Parker, 
1975). Body size is also different between populations, with south-
ern males being larger (Pianka & Parker, 1975). Though these differ-
ences may be plastic and not adaptive, reciprocal experiments on 
several other species of lizards showed evidence that some natural 
history traits exhibit signals of genetic differentiation linked to local 
climatic conditions (Iraeta et al., 2006; Ma et al., 2019; Niewiarowski 
& Roosenburg, 1993).

F I G U R E  1  Sampling localities of Phrynosoma platyrhinos used 
in this study with locality numbers corresponding to those in 
Jezkova et al. (2016). The pie charts represent assignment of 
lizards at each sampling locality to one of the three genetic clusters 
identified from the SNP data set: Southern (yellow), Western (light 
green), Eastern (dark green). The grey outlines correspond to the 
geographic extents of the four desert regions where P. platyrhinos 
occurs and the dotted outline corresponds to the approximate 
geographic distribution of P. platyrhinos. The background shows 
mean annual temperature (Hijmans et al., 2005)
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The mtDNA structure of P. platyrhinos is consistent with range 
expansions from the Mojave Desert into the low- elevation western 
and eastern portions of the Great Basin, as indicated by a decrease 
in mtDNA variation in the northward direction (Jezkova et al., 2016). 
Thus, P. platyrhinos currently comprises populations that inhabit 
very different climatic conditions which probably impose differential 
selective pressures across the species range, and which may have 
manifested in observed differences in morphology and other natural 
history traits. At the same time, different population histories have 
probably influenced levels of genetic diversity due to serial founder 
effects, which may have in turn placed constraints on adaptive po-
tential during northward range expansions.

Here, we explore how divergent climatic conditions and pop-
ulation histories influence range- wide genetic diversity within 
P. platyrhinos. Our objective was to assess to what extent genome- 
wide variation among populations of P. platyrhinos is driven by dif-
ferent population histories (e.g., stable vs. expanding populations) 
and differential climatic conditions (e.g., warm Mojave and cold 
Great Basin deserts; Figure 1). We predicted that the geographic 
signal of a postglacial range expansion should result in western and 
eastern Great Basin populations harboring random subsets of alleles 
from the southern populations and exhibiting lower levels of within- 
population genome- wide diversity. Loci underlying phenotypes 
under natural selection, however, may show shifts in allele frequen-
cies or allelic divergence corresponding to the environmental diver-
gence between Mojave and Great Basin deserts.

We assess genetic variation of lizards throughout the entire 
range of the species using a SNP data set derived from double digest 
restriction- site associated DNA sequencing (ddRADseq; Peterson 
et al., 2012). We first assess the overall population genetic struc-
ture within P. platyrhinos and conduct tests of demographic history. 
To identify regions of the genome putatively underlying patterns of 
local adaptation, we scanned for loci with signals of high genetic vari-
ation (i.e., outlier loci) and loci significantly associated with climatic 
conditions via genotype- environment association analyses (Forester 
et al., 2016; Frichot et al., 2013). We leverage a new, chromosome- 
level genome assembly for P. platyrhinos for mapping RAD loci and to 
explore the genomic distribution of loci affected by selection along 
individual chromosomes.

2  |  MATERIAL S AND METHODS

2.1  |  Reference genome

A chromosome- level reference genome for Phrynosoma platyrhinos 
was recently generated as part of a separate study (Koochekian 
et al., 2021), and is available at DDBJ/ENA/Genbank (BioProject 
PRJNA685451). This genome was sequenced using Illumina short 
paired- end reads and assembled and scaffolded using Dovetail 
Genomics Hi- C and Chicago long- range contact data (Table S1). 
The resulting genome assembly had a total length of 1901.85 Mb, 
scaffold N50 length = 273.213 Mb, and included 17 large scaffolds 

(containing 99.56% of the genome assembly) that were assigned to 
chromosomes. Here, we use this high- quality genome assembly to 
map and interpret RADseq data.

2.2  |  Laboratory methods and SNP identification

We acquired tissue samples (toe or tail tissues) from 72 individuals 
of P. platyrhinos from 32 localities (1– 5 samples/locality) across the 
species range spanning the Mojave, Sonoran, and Great Basin de-
serts (Figure 1; Jezkova et al., 2016). One locality (locality 7, Figure 1) 
represented a lineage P. goodei, which was split from P. platyrhinos 
and elevated to a species status based on mitochondrial (mtDNA) 
sequence data and morphology (Mulcahy et al., 2006). We ex-
tracted genomic DNA from these samples using the paramagnetic 
bead protocol (Faircloth et al., 2014). We generated double- digest 
RADseq libraries for all samples using the protocol of Peterson 
et al. (2012) with minor adjustments detailed below. We used 0.5 µg 
genomic DNA per sample that was digested overnight at 37°C using 
a rare- cutting restriction enzyme SbfI (5′- CCTGCA*GG- 3′; New 
England Biolabs Inc.) and a common- cutting restriction enzyme MspI 
(5′- C*CGG- 3′; New England Biolabs Inc.). Digested samples were 
purified with SeraMag beads, eluted in 40 µl of TE, and quantified 
using a Qubit fluorometer. We standardized samples to a common 
quantity and ligated double stranded indexed DNA adapters with a 
barcode sequence on the 5′ end of the ligated adapter and an 8 bp 
unique molecular identifier region (UMI) that allows filtering of PCR 
clones. Following adapter ligation, we pooled samples into groups of 
nine samples, with each sample having a specific barcoded adapter. 
Pooled samples were purified and size- selected using a 1.5% agarose 
cassette on Pippin Prep (Sage Science) for fragments within a range 
of 435– 535 bp. Size selected samples were amplified using primers 
with an Illumina index on the 5’ end of the PCR primer sequence. 
Indexed pools were mixed in equimolar ratios and were sequenced 
together using 100 bp pair- end reads on an Illumina HiSeq 2500 at 
the Brigham Young University DNA Sequencing Centre.

We removed PCR clones, quality- filtered, and demultiplexed 
data using the functions clone_filter and process_radtags in Stacks 
v1.42 (Catchen et al., 2013). We used the dDocent pipeline for 
quality trimming and to map the reads to the assembled genome 
of P. platyrhinos using BWA (Li, 2013; see Table S1 for information 
on genome assembly). The variants produced by dDocent using 
FreeBayes (Garrison & Marth, 2012) were filtered following the 
general steps recommended in the dDocent tutorial (Puritz et al., 
2014; Puritz, Matz, et al., 2014) using vcftools and vcflib (Danecek 
et al., 2011). We filtered the variants (e.g., single nucleotide poly-
morphisms; SNPs) to include those called in 50% of individuals 
(- - max- missing 0.50) and with a minimum mean read depth among 
samples of 10 (- - min- meanDP 10). Individuals with 60% or greater 
missing data were excluded. We also removed minor alleles with a 
frequency lower than 0.05 (- - maf 0.05) and SNPs that were found 
to be in linkage disequilibrium (LD; Rho ≥ 0.96). The resulting SNP 
matrix was used for all analyses apart from IQ- TREE and Bayesian 
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Phylogenetics and Phylogeography (BPP), which require full locus 
genotypes (e.g., variant and invariant sites). These alignments were 
generated by assembling demultiplexed data with ipyrad v. 0.9.10 
(Eaton, 2014) using a de novo assembly with a clustering threshold 
of 0.9, minimum Phred quality score of 33, and default parameters 
for all other options.

2.3  |  Phylogeographic structure

We analysed the intraspecific genetic structure of P. platyrhinos using 
clustering and tree- based methods. We inferred the number of ge-
netic groups (e.g., clusters) present in the data set using Bayesian 
information criterion (BIC), sparse non- negative matrix factorization 
(sNMF), and principal component analysis (PCA). We also estimated 
the contribution of each cluster to the genetic composition of each 
individual using sNMF implemented in the R package lea (Frichot & 
François, 2015). We first conducted the PCA using the function pca to 
reduce the SNP data set to principal components (PCs). Visual inspec-
tion of the PCA was used to inform the sNMF analysis about the num-
ber of genetic clusters to consider in subsequent analysis. We then 
used the least- squares estimates of ancestry proportions and the en-
tropy criterion as implemented in the function snmf to calculate geno-
type frequencies and used those to impute missing data. We then ran 
the final sNMF analyses for one to 10 genetic clusters (referred to as 
latent factors), to estimate the most likely number of genetic clusters 
and the assignment of each individual to respective genetic clusters 
(Frichot et al., 2014). We also used the find.clusters function in the R 
package adegenet to evaluate the number of genetic clusters using BIC 
(Jombart & Ahmed, 2011). Finally, we evaluated if sample size may 
be driving observed ancestry proportions by testing for a correlation 
between ancestry proportions and sample size at each locality. For 
example, the test allowed us to determine if there was a pattern of 
greater admixture at localities with a higher number of samples and 
less admixture among localities with fewer samples. The correlation 
test was executed using the cor function in r (R Core Team, 2020).

We inferred a maximum likelihood (ML) genealogy from the 
concatenated data using IQ- TREE v. 1.6.12 (Nguyen et al., 2015). 
We used modelfinder (Kalyaanamoorthy et al., 2017) to select the 
best fitting substitution model (via BIC). Support for nodes was as-
sessed through both the ultrafast bootstrap (Hoang et al., 2018) with 
10,000 replicates and SH- aLRTs (Guindon et al., 2010) with 1000 
replicates. Bootstrap values >95% and SH- aLRT values >80% were 
indicative of strong support. The tree was rooted using ddRAD-
seq data from Phrynosoma modestum, which is the sister taxon to 
P. platyrhinos (Leaché & McGuire, 2006), downloaded from the NCBI 
sequence read archive (SRR2240547; Leaché et al., 2015).

2.4  |  Niche assessments

We assessed whether the climatic conditions occupied by indi-
vidual genetic clusters are significantly different from each other 

and whether the boundary between genetic clusters corresponds 
to a transition between climatically distinct regions. We evaluated 
the climatic niche differences between populations of P. platyrhi-
nos using multivariate methods (Kozak & Wiens, 2006; Mccormack 
et al., 2010). We first assigned each sampling locality to a genetic 
cluster based on the genetic cluster analyses (see Section 3). To ex-
pand our sample size, we accessed occurrence records from Jezkova 
et al. (2016) and assigned them to a particular genetic cluster if they 
fell within the convex hull of that genetic cluster. For each locality, 
we extracted values from 19 bioclimatic variables (Table S2; Kozak 
& Wiens, 2006; Waltari et al., 2007) derived from the worldclim 
data set version 1.4 with resolution of 30 s (Hijmans et al., 2005). 
We conducted a PCA using the prcomp function in R (R Core Team, 
2020) to reduce the bioclimatic variables to PCs and visualized the 
first two PCs. For statistical comparison of climatic niches occupied 
by the main genetic clusters, we calculated niche overlap using the 
identity test and conducted a range- breaking test using the R pack-
age enmtools (Glor & Warren, 2011; Warren et al., 2010). The iden-
tity tests and range break tests were calculated using Schoener's D 
(Schoener, 1968) and similarity measure “I” derived from Hellinger's 
distance (Warren et al., 2008), which both range from 0 (no overlap) 
to 1 (complete overlap). The observed niche overlap was compared 
with a null distribution generated from 100 pseudoreplicates where 
occurrence records were randomly assigned to each group (identity 
test) or where the geographic area was divided randomly (linear 
range- break test; Glor & Warren, 2011).

2.5  |  Tests of demographic history

We compared the demographic history of the southern and north-
ern populations by calculating four population genetic indices rep-
resentative of genetic diversity and differentiation, by assessing the 
effective population sizes of southern and northern populations, 
and by testing support for 20 competing demographic models of di-
versification and gene flow. We tested for a signal of a range expan-
sion from the southern deserts into northern deserts by calculating 
private allele frequencies, individual heterozygosity, genetic differ-
entiation (FST) among populations, and residual genetic distances 
(e.g., genetic distances corrected for geographic distance) between 
neighbouring sampling sites. Expanded populations should exhibit a 
genetic signal of a founder effect (Hewitt, 2000), such as a decrease 
in heterozygosity and private allele frequency in the direction of the 
expansion (Hewitt, 2000), and lower levels of population differentia-
tion among recently expanded populations (e.g., lower FST and ge-
netic distance; Excoffier et al., 2009; Jezkova et al., 2015). It should 
be noted that in some cases, FST will not exhibit lower levels of popu-
lation differentiation among expanded populations as it is depend-
ent on variation within the expanding populations (Burri, 2017).

Private alleles were identified for each sampling locality and 
for each genetic cluster (see Section 3) using the poppr R package 
(Kamvar et al., 2014). We used Pearson's chi- squared test to assess 
significant differences in private allele frequency among the genetic 
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clusters, and we used linear regression to test for an association be-
tween private allele frequency at each locality and latitude. We cal-
culated average multilocus heterozygosity (MLH) for each individual 
using biallelic loci with 0% missing data among individuals (n = 1950 
SNPs) using the r package inbreedr (Stoffel et al., 2016). This method 
divides the number of heterozygous loci in an individual by the indi-
vidual's total number of loci. For example, an MLH of 0.2 means that 
20% of an individual's loci are heterozygous (Stoffel et al., 2016). We 
also investigated if genetic cluster assignment may influence het-
erozygosity results by rerunning this analysis using only individuals 
that exhibited no admixture among different genetic clusters (see 
Section 3).

We calculated FST (Weir & Cockerham, 1984) values for each 
pair of localities using the function genet.dist in the R package hi-
erfstat (Goudet, 2005), excluding localities represented by only one 
individual. We tested whether levels of MLH and FST differ among 
the genetic clusters using Kruskal- Wallis and Dunn's post hoc tests. 
Significance was evaluated based on p- values adjusted for multiple 
tests using the Benjamini- Hochberg method (Benjamini & Hochberg, 
1995). To measure genetic differentiation while accounting for geo-
graphical distance between populations, we calculated residual ge-
netic distance using alleles in space (AIS) version 1.0 (Miller, 2005). 
Residual genetic distances were assigned to midpoints between 
adjacent localities using the Delaunay triangulation- based connec-
tivity network, imported into ArcGIS, and interpolated across the 
geographic range of P. platyrhinos. We tested whether residual ge-
netic distances significantly differ among the genetic clusters using 
analysis of variance (ANOVA).

We estimated current and ancestral population sizes and diver-
gence times of the clades identified with IQ- TREE using BPP (Flouri 
et al., 2018). BPP is a Bayesian Markov chain Monte Carlo (MCMC) 
program for analysing DNA sequences under the multispecies co-
alescent model (Yang, 2015). The number of genetic clades was set 
to either three (S, E, W; based on sNMF) or four (S1, S2, E, W; based 
on IQ- TREE). For each analysis, we generated a data set of four indi-
viduals per clade with evidence of little to no admixture. Two inde-
pendent fixed tree parameter inferences (A00) were conducted to 
increase reliability of estimates of ancestral population sizes (Yang, 
2015). All BPP analyses used inverse gamma priors for θ (IG[3,0.004]) 
and τ (IG[3,0.05]) parameters. Runs were based on an initial burnin 
of 50,000 generations, a sampling frequency of twenty generations, 
and 50,000 samples from the posterior. Convergence was assessed 
by examining parameter estimates among independent runs and ef-
fective samples size (ESS) values in tracer version 1.6.0 (Rambaut 
et al., 2018) for A00 analyses. ESS values were above 200 for most 
parameters in combined runs and represent the number of indepen-
dent samples in the MCMC (Table 1).

We tested competing hypotheses for patterns of diversification 
and gene flow between southern and northern populations by sim-
ulating three dimensional (3D) and four dimensional (4D) joint site 
frequency spectra (JSFS) of genetic variation using the program 
moments (Jouganous et al., 2017). moments uses differential equa-
tions to simulate the evolution of allele frequency distributions over TA
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time and is closely related to the diffusion approximation method 
used in the program ∂a∂i (Gutenkunst et al., 2009). We tested 20 
demographic models that differ in the number of lineages, patterns 
of divergence, and gene flow (Figure S1). For this analysis, all SNPs 
that were identified as candidates by outlier tests or genome envi-
ronment association analyses (see below) were removed, as linked 
selection can lead to demographic mis- inference (Johri et al., 2020). 
The number of lineages was set either to three (S, E, W, based on 
population cluster analyses) or to four (S2, S1, E, W; based on the 
phylogenetic tree generated by IQ- TREE; see Section 3). The pattern 
of divergence was set to a simultaneous split among the three or four 
lineages, or to bifurcating divergence as suggested by the IQ- TREE. 
For each scenario, we assumed no gene flow, symmetrical gene flow, 
or asymmetrical gene flow, either among all or adjacent populations. 
Models were optimized and run following the methods of Leaché 
et al. (2019), and Python scripts for performing model fitting were 
downloaded from github.com/dportik/moments_pipeline (Portik 
et al., 2017). We performed demographic modeling with folded JSFS, 
meaning that we did not include an outgroup sequence. Four rounds 
of optimizations were performed for each model; parameters from 
the best replicate were used as starting values for the next round 
of optimization. Replicate analyses were conducted to ensure that 
the optimization routine was stable. Before final analysis, the repli-
cate with the highest likelihood for each model was used to calculate 
Akaike information criterion (AIC) scores, ∆AIC scores, and Akaike 
weights (wAIC; Burnham & Anderson, 2004), and the model with the 
lowest AIC score was considered the best model. To maximize the 
number of segregating sites for analysis, populations were projected 
down to smaller sample sizes of 30 for 3D models and eight for 4D 
models. These methods address missing data by averaging over all 
possible resampling of the larger samples size data and allow one 
to set a lower bound on the number of SNPs necessary to include a 
SNP in the analysis. This projection results in some SNPs becoming 
uninformative, and the authors suggest choosing a projection that 
maximizes the number of segregating sites for analysis.

2.6  |  Outlier analyses and genotype- environment 
association

We used two approaches to search for potential signals of selection 
in our data set. First, we identified outlier loci that exhibit greater 
differentiation among populations than what is observed genome- 
wide (Luu et al., 2017) using a standard “outlier scan” approach. 
Outlier loci are expected to be enriched for loci under strong dif-
ferential selection between populations, as alleles that are involved 
in local adaptation should occur at higher frequencies where they 
increase fitness (Hoban et al., 2016). Outlier scans provide flex-
ibility by not requiring detailed climatic or natural history data and 
identify outlier loci by screening for alleles that exhibit greater than 
average genetic differentiation among populations (Hoban et al., 
2016). Second, we identified SNPs significantly associated with var-
ying environmental conditions across the species range, which are 

expected to enrich for regions of the genome that are important for 
adaptation to local climates. We scanned for outlier SNPs using the 
R package pcadapt (Luu et al., 2017). We first performed a PCA of 
the SNP data set (PCA; Luu et al., 2017) and selected PCs to be re-
tained by inspecting scree plots (Luu et al., 2017). PCA creates new 
independent axes (PCs) representing gradients of redundant ge-
netic variation within the data set. Thus, one axis is a composite of 
similar variation from many loci. We then regressed individual SNPs 
against the retained PCs to determine the position of a particular 
locus (represented by a z- score) along each composite variable. The 
z- scores are used to calculate the Mahalanobis distance between a 
particular locus coordinate in PCA space and the barycentre (cen-
tre of mass) of all loci, meaning that the greater the distance, the 
more likely it is that a locus is exhibiting a significant amount of ge-
netic divergence, which can be indicative of selection. To determine 
which loci represent significant outliers, we transformed p- values 
associated with Mahanalobis distances into q- values using the R 
package qvalue with an expected false discovery rate of less than 
1% (Storey et al., 2021).

Redundancy analysis (RDA) is a powerful method to detect 
candidate adaptive loci exhibiting strong associations with the en-
vironmental variables hypothesized to influence selection while ex-
hibiting low false positive and high true positive rates (Forester et al., 
2018). The approach performs a PCA on the response variables (SNP 
matrix) while constraining the PCA axes as linear combinations of 
the predictor (environmental) variables. We implemented RDA to 
assess correlation between SNPs and environmental variables using 
the r package vegan (Oksanen et al., 2016). RDA is a constrained 
ordination method that is a multivariate analog of linear regression 
and examines the amount of variation in one set of variables that 
explains variation in another set. In our case, we aimed to measure 
how much genomic variation is explained by environmental predic-
tor variables. Environmental variables were represented by four bio-
climatic variables from worldclim version 2 (Fick & Hijmans, 2017): 
annual mean temperature (AMT), temperature seasonality (TS), pre-
cipitation of the warmest quarter (PWQ), and precipitation of the 
coldest quarter (PCQ). These variables were selected to account for 
major aspects of climate while avoiding autocorrelation among vari-
ables (see Appendix S1 for methods on selecting variables; Dormann 
et al., 2013). We conducted an additional analysis with latitude as a 
response variable. The significance of the entire model and each axis 
was evaluated using an ANOVA with 999 permutations. Effects of 
collinearity between environmental predictors were assessed using 
the function vif.cca to evaluate variance inflation factors. We then 
identified candidate SNPs based on locus scores that were ±2.5 SD 
from the mean loading on all four constrained axes. We identified 
the environmental variables with the strongest associations with 
each candidate SNP using a Pearson's correlation coefficient (r). 
We also identified candidate loci that were shared among RDA and 
the outlier analysis. To assess whether the number of shared loci is 
greater than what is expected due to stochasticity, we used a per-
mutation approach to resample loci at random based on the number 
of empirical candidate loci identified in each of the data sets. The 
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permutation test was executed using the sample and replicate func-
tions in R (R Core Team, 2020). For each permutation, we randomly 
resampled the appropriate number of loci to reflect each data set 
and calculated the number of shared loci. We generated 100,000 
permutations of the data to generate a null distribution of the num-
ber of shared loci and compared this distribution to our empirical 
results. If our empirical results are due to stochasticity, we would 
expect our observation to fall within the 95% confidence interval of 
our generated null distribution. Therefore, if our empirical results fall 
outside this area, we can conclude that there is an excess of shared 
loci between data sets. We also visualized the candidate SNPs 
shared between the RDA and outlier analysis on the genome of 
P. platyrhinos to assess the distribution of candidate SNPs across in-
dividual chromosomes. When searching for signals of selection using 
ddRADseq it is important to acknowledge that many of the ddRAD 
loci in a data set will not sample functional regions of the genome, 
however, and ddRAD loci will be linked to adjacent blocks of the ge-
nome that may contain functional elements (e.g., genes; Brodie et al., 
2016). Therefore, it is important to consider both linkage disequilib-
rium and genome size when designing a study that seeks to identify 
signal of selection (McKinney et al., 2017).

Finally, we performed functional annotation of RDA candidate 
SNPs to determine if SNPs exhibiting strong associations with the 
environmental variables may be associated with relevant biological 
processes. Functional annotation allows us to identify gene ontology 
(GO) terms associated with candidates which can link them to molec-
ular functions, biological processes, and cellular components. Since 
the genome of P. platyrhinos has not been fully annotated, we per-
formed functional annotation with Blast2GO which allows for the 
functional annotation of novel sequences (Conesa et al., 2005). We 
used the program BLASTX to search against the NCBI “nr” protein 
database, requiring E- values below 10−5 for candidates to be con-
sidered during mapping and annotation. We then mapped and an-
notated candidates below the E- value threshold to assign GO terms.

3  |  RESULTS

3.1  |  ddRADseq and filtering

After alignment of RAD sequencing reads to the Phrynosoma plat-
yrhinos genome, a total of 614,332 SNPs were identified by dDo-
cent; de novo assembly with ipyrad identified 32,037 SNPs. Eight 
samples were excluded from the dDocent data set to maintain a high 
level of data completeness resulting in 64 remaining samples from 
30 localities with less than 60% missing data; all samples passed 
filtering in ipyrad. Sequencing efforts resulted in 4270 contigs and 
1,044,224 callable sites identified by dDocent. After filtering, ipyrad 
retained 23,120 loci representing 923,866 callable sites. The BPP 
analysis was conducted using 250 loci and the ML analysis using IQ- 
TREE was based on a concatenated matrix of 923,866 bp. All other 
analyses were conducted with the dDocent data set, after filtering 
for linkage disequilibrium, minor allele frequency, missing data, and 

read depth. The final data set was represented by 8094 SNPs, with 
an average read depth across loci per sample of 186 and an aver-
age of 7661 assembled loci (Table S3). Therefore, if we use the low-
est linkage scenario from McKinney et al. (2017; 100 kb blocks), we 
expect that a majority (80%– 100%) of the 1901.85 Mb genome of 
P. platyrhinos (Koochekian et al., 2021) is sampled by the final data 
set. The demultiplexed ddRADseq data are deposited at NCBI SRA 
(BioProject PRJNA743315).

3.2  |  Phylogeographic structure

The admixture, BIC, and PCA analyses suggest 3– 5 genetic clusters 
(Figure 2a,b, S2). After further investigation, we chose to use a K of 3 
to represent the major genetic clusters within P. platyrhinos, as higher 
values of K introduce additional substructure rather than geographi-
cally meaningful clusters of populations (Figure S3). The three clus-
ters correspond to the geographic extents of the Mojave Desert, and 
the western and eastern arms of the Great Basin Desert (herein, we 
refer to these as Southern, Western, and Eastern genetic clusters). 
Evidence of genetic admixture among the three clusters is greatest 
in areas where populations belonging to the different clusters come 
into close proximity. Most populations belonging to the Southern 
genetic cluster possess traces of the other two clusters. Levels of 
admixture within the Western and Eastern cluster decreases with 
latitude, with the most northern populations showing no signal of 
admixture (Figures 1 and 2a). Samples that have been previously as-
signed to P. goodei based on mtDNA data (Jezkova et al., 2016) are 
nested within the southern genetic cluster. Tests for correlation be-
tween sample size and ancestry proportions did not reveal any sig-
nificant relationships (all correlation coefficients were less than 0.7). 
However, it should be noted that some localities (e.g., locality 44 and 
58) are only represented by a single individual and may not fully rep-
resent the ancestry proportion of that population. For comparison, 
we also analysed the data using four and five genetic clusters. The 
traces of these additional genetic clusters can be found in individuals 
throughout the species range and do not separate samples that had 
been previously assigned to P. goodei (Figure S3).

The ML analysis (Figure 2c) was based on 923,866 bp, from 
which 905,985 sites were constant and 6412 were parsimony infor-
mative, in addition to 145,912 singleton sites. ModelFinder chose 
the K3Pu + F + R6 model as the best substitution model accord-
ing to BIC. The ML tree suggested that the Western and Eastern 
clusters each represents a well- supported clade with a sister rela-
tionship between them and nested within the Southern cluster. The 
Southern cluster is not monophyletic and comprises two moderately 
supported clades. Two samples, 27– 816 and 23– 7387, do not belong 
to either clade, with the former supported as sister to all other sam-
ples and the latter being sister to the clade comprising the Western 
and Eastern clusters. The samples representing P. goodei (population 
7) form a clade within one of the Southern clades that is sister to 
the lineage comprising other samples from Arizona (populations 2 
and 5).
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3.3  |  Niche assessments

We compared the climatic niches occupied by lizards from the 
Southern genetic cluster (n = 44), Western genetic cluster (n = 14), 
and Eastern genetic cluster (n = 17). The climatic niche overlap (iden-
tity test) was significantly lower between the Southern and Western 
cluster (D = 0.09 p- value = .02, I = 0.26 p- value = .02) and Southern 
and Eastern cluster (D = 0.14 p- value = .02, I = 0.31 p- value = .02), 
and higher, but not significantly so, between the Western and 
Eastern clusters (D = 0.37 p- value = .24, I = 0.54 p- value = .20). The 
climatic conditions occupied by lizards that belong to the Southern 
genetic cluster are significantly different from the lizards that be-
long to Eastern and Western genetic cluster, whereas the Western 
and Eastern clusters are not significantly different from each other 
(Figure 3a,b; Tables 2 and S5). The range- break test showed that 
niche overlap that was observed empirically between the Southern 
and Western genetic cluster and between the Southern and Eastern 
genetic cluster is low in comparison with many alternative geo-
graphic divisions on the region. However, the empirical overlap is not 
the lowest possible, which indicates that at least some alternative 
divisions would result in similar niche overlaps (Table 2; Figure 3c).

3.4  |  Tests for demographic expansion

Private allele frequency was significantly lower within the Western 
and Eastern genetic clusters compared to the Southern cluster 
(df = 2, χ2 = 589.51, p < .001). However, private allele frequency was 
not significantly correlated with latitude (R2 = 0.209, p = .06502). 
Levels of MLH differed among the three groups (Kruskal- Wallis 
test: H = 8.9935, df = 2, p = .01; Table S6; Figure S4). In contrast 
with our expectations that heterozygosity would be highest in the 
Southern genetic cluster, heterozygosity was highest in the Eastern 
genetic cluster. Additional investigation to determine if the observed 
results could be due to genetic cluster assignment revealed the same 
pattern. Levels of MLH were estimated to be 0.15 for the southern 
cluster, 0.24 for the eastern cluster, and 0.14 for the western cluster; 
clusters were represented by six, five, and seven samples, respec-
tively. Pairwise comparisons revealed significant differences in het-
erozygosity between the Eastern and Southern clusters (adjusted 
p = .0064) and Eastern and Western clusters (adjusted p = .0106), but 
not between the Southern and Western clusters (adjusted p = .4435). 
Mean FST values differed among the three genetic clusters (Kruskal- 
Wallis test: H = 12.828, df = 2, p = .001639; Table S6; Figure S5), 

F I G U R E  2  Ancestry matrix built using 
sNMF (a) and a principal component 
analysis (PCA) plot (b) for 64 samples of 
P. platyrhinos genotyped for 8094 SNPs. A 
ML tree (c) produced with IQ- TREE using 
a concatenated matrix of 923,866 bp from 
ipyrad. Numbers along the x- axis of the 
ancestry matrix correspond to population 
numbers (see Figure 1), and numbers on 
the tree correspond to the population 
number and sample number, separated by 
a dash. Samples of P. goodei are marked 
with a grey bar. The three genetic clusters 
identified in the ancestry matrix are used 
to colour- code individual samples in the 
PCA plot and the ML tree. Individuals 
that compose the S1 and S2 cluster for 
the four population Moments and BPP 
analyses are indicated by orange bars and 
the two samples excluded from these 
two analyses are indicated by an asterisk. 
Nodes that are strongly supported on the 
ML tree based on bootstrap (>95%) and 
SH- aLRTs (>80%) values are indicated 
with black circles, whereas those 
supported by one estimate are indicated 
with grey circles
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with lower mean FST within the Eastern genetic cluster (i.e., among 
populations within a cluster; FST = 0.0227– 0.0985, mea n = 0.0573) 
compared to the Western (FST = 0.1801– 0.4128, mea n = 0.2834) 
and Southern (FST = 0.0199– 0.4865, mea n = 0.2131) clusters. There 
were significant differences in FST between the Eastern and Southern 
clusters (adjusted p = .0016) and Eastern and Western clusters (ad-
justed p = .0010), but not between the Southern and Western clus-
ters (adjusted p = .0836). Mean FST values between genetic clusters 
were also significantly elevated (Kruskal- Wallis test: H = 23.054, 
df = 2, p = 9.858e- 06; Table S7; Figure S5), with higher genetic differ-
entiation between the Southern and Western clusters (FST = 0.2062– 
0.5855, mea n = 0.4314) than the Southern and Eastern clusters 
(FST = 0.2340– 0.5288, mea n = 0.3652, adjusted p = .0025). The resid-
ual genetic distances among neighbouring sites support differentia-
tion of populations into three distinct genetic clusters, which contrasts 
with distances derived from mtDNA (Figure 4a). The ANOVA showed 
that residual genetic distances are not significantly different within 
the three genetic clusters (p = .396).

Results from the BPP analysis (Table 1; Figure 4c) suggest that 
there was an increase in effective population size following the split 

between S2 and S1, E, and W clusters. Subsequent splits between 
clusters led to decrease in effective population sizes. The largest 
modern effective population size is inferred for the Southern clus-
ters, with similar, smaller, estimated effective population sizes for 
the Great Basin clusters. BPP analysis with three clusters support a 
similar pattern with modern population estimates being smaller than 
ancestral populations (Table 1). However, three cluster analysis sug-
gests that the ancestral EW cluster grew after diverging from the S 
cluster (Table 1). Like the four- cluster analysis, the largest effective 
population size is inferred for the Southern cluster, with smaller esti-
mates for the Great Basin clusters.

The population models with moments suggest that of the 10 mod-
els tested for three lineages (S, E, W), the best fit was for the model 
that suggests an initial split between Southern and Great Basin clus-
ters, then another split between Great Basin clusters into the mod-
ern clusters with asymmetric migration between all clusters (Figures 
4b and S1; Table S8). Effective population size estimates were sim-
ilar between all clusters. The Southern and Eastern clusters were 
estimated to be slightly larger than the Western cluster (Table S8). 
Migration estimates varied with the greatest amount of migration 

F I G U R E  3  Climatic niche differentiation among genetically differentiated populations of P. platyrhinos using (a) principal component 
analysis (PCA), (b) identity test of Schoener's D and (c) range break test of Schoener's D for each pair of genetic clusters. Dashed lines 
in (b) and (c) represents observed niche overlap between named clusters, while histograms represent null distributions generated from 
random assignment of combined individuals and random division of combined geographic area, respectively
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TA B L E  2  Identity and range break test results for each pair of the three genetic clusters using Schoener's “D” and similarity measurement 
“I” derived from Hellinger's distance

Test

Southern × Western Southern × Eastern Western × Eastern

Observed value p- value Observed value p- value Observed value p- value

Identity -  D 0.09 .02 0.13 .02 0.37 .24

Range break -  D .18 .37 .84

Identity -  I 0.26 .02 0.29 .02 0.54 .20

Range break -  I .20 .31 .88

p- values are based on the observed similarity value of the genetic cluster pair in comparison to the null distributions of similarity values derived from 
random individual assignment (identity test) and random division of combined geographic area (range break test).
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being from the Western cluster into the Southern cluster and from 
the Southern cluster into the Eastern cluster. Migration rates from 
the Eastern cluster were smaller; however, the lowest migration rate 
estimates were from the Southern cluster into the Western cluster 
and from the Western cluster into the Eastern cluster (Table S8). Of 
the 10 models tested for four groups (S2, S1, E, W), the best fit was 
for the model that followed the topology inferred by the ML analy-
sis with asymmetric migration within the Southern and Great Basin 
clusters but no migration between them (Figure 4b). Effective popu-
lation size estimates varied, with the largest estimated cluster being 

S1 and the smallest being W; the S2 and E clusters had similar pop-
ulation size estimates (Table S8). Migration rate estimates differed 
between the Southern and Great Basin clusters. Estimates suggest 
that migration is much greater between the Southern clusters than 
the migration between the Great Basin clusters (Table S8).

3.5  |  Outlier scans and genome- environment 
associations

Outlier tests, which identify putatively selected loci that exhibit 
greater differentiation among populations than expected, were based 
on 12 PCs that explain 86% of variation in the SNP data set. Using 
this approach, we identified 731 outlier loci. Genome- environment 
association analysis using RDA, which assesses association between 
alleles and environmental conditions, identified 292 candidate loci 
(Figure 5a; Table S9). Candidate loci were correlated with all four 
environmental variables, 134 were most associated with AMT, 92 
with PCQ, 25 with PWQ, and 45 with TS. Within RDA analysis, all 
four constrained axes were significant (Table S9). The four environ-
mental variables (AMT, TS, PWQ, PCQ) explained 21% of variance 
within the SNP data set (adjusted R- squared = 0.21; Table S10). For 
the RDA data set, most loci inferred to be under selection were as-
sociated with annual mean temperature (n = 134). Latitude alone 
only explained 8% of variance with 34 identified outliers, suggesting 
that neutral allele surfing, that is expected to have occurred in the 
northward direction, cannot account for all the detected outliers.

Twenty- six loci were identified by both pcadapt and RDA anal-
yses. These values were greater than what is expected due to ran-
dom chance, with our permutations only identifying an expected 
overlap of three loci eight times, two loci 310 times, and one locus 
among analyses in 7630 of 100,000 replicates and no overlap in the 
remaining replicates (Figure S7). Outlier loci were found dispersed 
across the genome with 10 loci on chromosome 1, 12 loci on chro-
mosome 2, two loci on chromosome 3, eight loci on chromosome 4, 
five loci on chromosome 6, and 12 loci on the microchromosomes 
(Figure 5d). Functional annotation with Blast2GO identified 13 
candidates that were associated with gene ontology (GO) terms. 
The remaining 283 candidates were either not associated with GO 
terms (did not map or annotate) or did not result in any blastx results 
below the E- value threshold of 10−5. Candidates were assigned GO 
terms associated with all three GO categories (molecular function, 
biological process, cellular component) and some candidates were 
assigned multiple GO terms (Table S11). Candidates GO terms in-
cluded associations with DNA metabolism, binding, transcription, 
recombination, integration, and RNA- directed DNA polymerase 
activity (Table S11).

4  |  DISCUSSION

Climate- imposed selection frequently leads to local adaptation 
across latitudes (Colautti & Barrett, 2013). However, areas of large 

F I G U R E  4  (a) Residual genetic distances among adjacent 
populations of P. platyrhinos derived from an mtDNA data set 
(left; 104 localities, 216 individuals, modified from Jezkova et al., 
2016) and a SNP data set (right; 30 localities, 64 individuals). The 
distances have been interpolated across landscape within the range 
of P. platyrhinos. (b) Best performing (lowest AIC) demographic 
scenarios in the three and four- lineage demographic analyses 
using Moments. (c) Schematic depiction of changes in effective 
population sizes estimates (circles) with BPP for the three- 
cluster and four- cluster models
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climatic differences along latitudinal gradients also correspond to 
areas with pronounced climate fluctuations through time (Sandel 
et al., 2011). Fluctuating climate often results in large- scale shifts 
in species distributions, with some of the most drastic changes hav-
ing occurred during the glacial- interglacial cycles of the Pleistocene 
(Hewitt, 1999). As a result, populations throughout the range of some 
species exhibit different histories; some populations have persisted 
in place for long periods of time whereas others were established 
only recently, following a range expansion into new areas (Jezkova 
et al., 2015, 2016). During large- scale geographic expansions, ge-
netic drift is believed to have a pronounced effect on population 
genetic structure through a series of founder effects that result in 
the decrease of standing variation in the direction of the expansion. 
This has been demonstrated in patterns of neutral (or nearly neutral) 
mtDNA variation that shows a significant decrease in genetic diver-
sity within populations and decrease in differentiation among popu-
lations (Excoffier, Foll, et al., 2009; Jezkova et al., 2016; Mulcahy, 
2008). Additionally, allele surfing enables mutations and standing 
variation present in populations at the expanding range margins to 
increase in frequency (Excoffier, Foll, et al., 2009; Klopfstein et al., 
2006). This potentially decreases the adaptive potential of expand-
ing populations and may even decrease the fitness of populations if 
mutations are deleterious (Burton & Travis, 2008). Allele surfing can 

also mimic the signatures of selective sweeps, confounding analy-
ses aimed at detecting loci under selection (De Villemereuil et al., 
2014; Excoffier et al., 2009). At the same time, postglacial range 
shifts often include expansions into new habitats with contrasting 
climates, habitats, and communities, resulting in exposure to new se-
lection pressures. It is therefore an open question how intraspecific 
genetic diversity is being shaped in the context of range expansion 
into novel environmental conditions.

Here, we explored intraspecific genetic diversity of a desert 
lizard that occupies a wide range of environmental conditions and 
that has experienced northward post- LGM expansion. Our results 
are consistent with the hypothesis that the overall genetic varia-
tion is being affected by the species demographic history as well 
as selection pressures on populations that occur across divergent 
environments (Hereford & Winn, 2008; Kolbe et al., 2012). Indeed, 
pronounced genetic differentiation between the Mojave and Great 
Basin populations indicates that differential environmental condi-
tions in the two deserts have influenced overall population genetic 
structure. This stands in sharp contrast with genetic structure in-
ferred solely from mtDNA (Jezkova et al., 2016) that is consistent 
with the expectations of a stepping- stone founder effect proposed 
for large- scale geographic expansions (Figure 4a; Excoffier, Foll, 
et al., 2009; Hewitt, 2000). Importantly, most Mojave individuals 

F I G U R E  5  Plots from redundancy 
analysis (RDA) for the first two 
constrained ordination axes. (a) Outlier 
loci (colour- coded to the climatic 
predictor) and neutral loci (grey circles) 
along with the directionality of a 
relationship for the four climatic variables 
(arrows). (b) Relationship between 
individuals belonging to the three genetic 
clusters (colour- coded circles) and tested 
environmental variables (arrows). (c) 
Outlier loci (red; n = 731) identified from 
the SNP data set (n = 8094) in an outlier 
analysis. Loci are plotted according 
to their respective chromosomes. (d) 
Chromosomes of P. platyrhinos with 
identified 26 loci that were identified by 
both pcadapt and RDA (red)
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exhibit allelic variation that indicates ancestral variation also shared 
with both Great Basin genetic clusters. This indicates that allele fre-
quencies of Great Basin populations originated from the standing 
variation of southern populations rather than new mutations emerg-
ing during the expansion, emphasizing the importance of standing 
variation on a species ability to adapt to novel environments (Barrett 
& Schluter, 2008; Hedrick, 2013).

Our inference of selection pressures caused by divergent envi-
ronments is further supported by numerous outlier loci exhibiting 
high amounts of genetic differentiation and additional loci with sig-
nificant associations with environmental variables (both tempera-
ture and precipitation). Thirteen of these candidate loci were located 
near genes associated with relevant GO functions. The importance 
of temperature and precipitation as environmental factors is well 
characterized, as several studies have identified climate to drive se-
lection among populations (Bay et al., 2018; Prates et al., 2018). The 
four climatic variables used in this study accounted for 21% of vari-
ance in genetic structure of Phrynosoma platyrhinos. Although ge-
netic drift and allele surfing along a latitudinal gradient can produce 
a false association between climate and genetic variation (Excoffier, 
Foll, et al., 2009), it is unlikely that this accounted for all loci signifi-
cantly associated with climate, as latitude alone only accounted for 
8% of genetic variation. The contribution of climate in shaping the 
genomic structure of P. platyrhinos could be indicative of extreme 
environmental divergence among populations, corroborated by our 
niche assessments that suggests large climatic differences between 
Mojave and Great Basin deserts with no geographic barriers sepa-
rating the Great Basin populations from the southern populations. 
Although the climatic differences between Western and Eastern 
Great Basin are not significantly different (and probably do not rep-
resent the driving force of genetic differentiation between the two 
regions, see below), the colder temperatures and higher precipita-
tion in the Eastern Great Basin may impose additional differential 
selection pressures within the Great Basin (Figures 3 and 5b; Fick & 
Hijmans, 2017). In addition to climate, natural history traits, such low 
dispersal rates and associated low levels of gene flow, may lead to 
faster fixation of beneficial alleles in different regions (Ujvari et al., 
2008).

The two methods used here to identify candidate loci under 
selection, outlier scans and genotype- environment associations 
(GEA), yielded different sets of loci, with only a small subset of loci 
identified by both tests. This overlap, however, was higher than 
what would be expected by chance. Moreover, generally low over-
lap between the two methods is not surprising as each approach 
searches for loci that may be under selection in a different way. The 
GEA methods such as RDA look for loci that are significantly asso-
ciated with environmental predictors, and are able to identify loci 
that exhibit large differences as well as gradual changes across the 
landscape due to spatially heterogenous environments, which are 
common for climate related traits. (François et al., 2016; Le Corre 
& Kremer, 2012). Conversely, outlier- based approaches look for loci 
that are significantly more differentiated than the majority (back-
ground) of loci, and therefore also have the potential to capture 

loci that have experienced selective sweeps that may or may not be 
associated with climate (Capblancq et al., 2018). Simulation- based 
studies have found that GEAs have in general more power to detect 
loci that may be under selection than outlier- based approaches, but 
have higher rates of false positives (Hohenlohe et al., 2018). Among 
the different GEA methods, the one used here (i.e., RDA) have been 
shown to exhibit a superior combination of low false- positive rates 
and high true positive- rates across scenarios of weak, moderate, and 
strong selection of individual loci on a landscape. Results were ro-
bust to population structure, demographic history (including equilib-
rium isolation by distance and nonequilibrium isolation by distance 
from one or two refugia), and sampling design (Forester et al., 2018).

Although selection probably plays a significant role in shaping 
intraspecific genetic structure of P. platyrhinos, the neutral genetic 
signal of postglacial range expansion is still present in the genomes 
of Great Basin individuals, supporting the importance of genetic 
drift and migration in shaping the genetic structure of expanding 
populations. The Western and Eastern populations represent two 
distinct genetic clusters, and many outlier loci are unique for one or 
the other colonization route. This is probably the result of varying 
standing genetic variation available during the expansion and allele 
surfing along each colonization route. Three lineage demographic 
models suggest gene flow between Mojave and Great Basin popu-
lations, with asymmetrical bidirectional gene flow along the two ex-
pansion routes and more limited gene flow between the Eastern and 
Western parts of the Great Basin. Contrastingly, four lineage models 
suggest no gene flow between Mojave and Great Basin populations 
and asymmetrical bidirectional gene flow within the Great Basin and 
Mojave. Estimated migration rates in four- lineage models agree with 
three- lineage models in that migration is lower in the Great Basin 
than Mojave. This is expected, as the climatic conditions of the cen-
tral Great Basin are generally unsuitable for P. platyrhinos, with the 
only possible contact in the extreme north. We also found evidence 
of a decrease in effective population size for each of the colonization 
routes, consistent with predictions of a range expansion. It is import-
ant to note that despite our removal of outlier loci for the demo-
graphic analyses, background selection can still influence estimates 
of population history. Background selection can result in an excess 
of rare alleles at some loci, similarly to a signal of a recent expansion 
(Johri et al., 2020).

Patterns of population genetic characteristics across the range 
of this group further illustrate how large- scale geographic expan-
sions affect genome- wide variation within and among populations. 
As predicted, the expanded Great Basin populations exhibit a signifi-
cantly lower number of private alleles in comparison with the stable 
Mojave populations, consistent with a model in which the variation in 
expanded populations comprises a subset of variation present in the 
southern stable populations. Indeed, the fact that P. goodei, an appar-
ently distinct lineage of Phrynosoma, is nested within the Southern 
clade of P. platyrhinos provides strong support for the long- term di-
versification of P. platyrhinos in the Mojave Desert, and suggests that 
taxonomic revisions may be necessary. Our genomic data are also 
consistent with patterns of mtDNA structure in P. platyrhinos, which 
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also show rapid decreases of genetic diversity and differentiation 
(Figure 4a; Jezkova et al., 2016) in expanded populations. The loss of 
genetic diversity in the direction of expansion has also been suggested 
by simulation studies (Slatkin & Excoffier, 2012) and documented in 
multiple empirical studies (Bélouard et al., 2019; Jezkova et al., 2015). 
Interestingly, the recently expanded populations do not exhibit lower 
heterozygosity and lower differentiation among populations (as mea-
sured by FST and residual genetic distance). The reason why hetero-
zygosity is highest in Eastern genetic clusters that represent recently 
expanded populations is unclear. A possible explanation for this find-
ing is that the colonization front in the eastern Great Basin was wider, 
which may have facilitated expansion of genetically differentiated in-
dividuals. Subsequent contact between these individuals may there-
fore lead to increased levels of heterozygosity. Additionally, the loss 
of genetic diversity has been shown to be less severe when dispersal 
rates increase with the population density because many more mi-
grants from the diverse, high- density regions arrive at the expansion 
edge (Birzu et al., 2019). Regardless of the mechanism, the high levels 
of heterozygosity represent positive signs for the genomic “health” of 
the expanding populations in terms of fitness and adaptability.

In summary, the current phylogeographic and population genetic 
structure of P. platyrhinos seems to be a result of both divergent 
environmental conditions and demographic history associated with 
the species range expansion. Our study highlights the importance 
of standing variation as a genetic substrate that selection acts on, 
and alternative routes that selection can take when subsets of this 
variation are available. Individual heterozygosity is not necessarily 
reduced during range expansion, which may have important fitness 
consequences when populations face environmental change. Finally, 
further interrogation of loci with signals of selection may lead to the 
discovery of new genes involved in thermal adaptation, genetic re-
gions important for adaptation to novel environments generally, or 
corroborate the importance of known thermal- related genes (Valero 
et al., 2014).
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