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spatial patterns and suggests human-aided dispersal
in a global hotspot for biological invasions
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Abstract Biological invasions are a growing threat
to native ecosystems, and genomic studies have
become an increasingly useful tool for invasive spe-
cies management by providing the ability to identify
spatial population structure in the invaded range. In
this study, we compared the spatial genetic structure
of two ecologically distinct non-native lizard species
both established and widespread throughout South
Florida, a global hotspot for reptile invasions. We
used an individual-based sampling approach to col-
lect genetic samples of Agama picticauda, a rock spe-
cialist native to West Africa, and Basiliscus vittatus, a
riparian specialist from Central and South America.
We collected specimens across Miami-Dade County
(the original site of introduction) and then genotyped
~4000 single nucleotide polymorphisms for each
species. Both species exhibited fine-scale popula-
tion structure at distances <5 km for A. picticauda
and < 10 km for B. vitattus, but at the county scale B.
vittatus showed much stronger spatial structure com-
pared to A. picticauda. Landscape genomic analysis
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revealed no significant landscape influence on A. pic-
ticauda genetic differentiation, while for B. vittatus
low canopy cover was the best predictor of genetic
connectivity. The genetic structure of both species
may suggest human-aided dispersal is driving long
distance movements, and A. picticauda appear more
susceptible to these events likely due to their affinity
for highly urbanized areas. By identifying variable
dispersal patterns among two ecologically distinct
species, we hope that this study will help combat the
spread of these or similar species as they continue to
arrive at urban centers across the globe.

Keywords Gene flow - Lizard - Population
structure - ResistanceGA - Spatial genomics - Urban
landscape

Introduction

Genetic studies are becoming increasingly useful to
invasive species management, especially with the
advent of next-generation sequencing allowing for
large-scale genomic analysis of thousands of markers,
which has been shown to identify fine-scale popula-
tion structure more effectively (Spinks et al. 2014;
McCartney-Melstad et al. 2018). Genetic analysis of
non-native populations can be used to investigate the
number of introduction events (Kolbe et al. 2004),
pinpoint source populations (Kolbe et al. 2007; Field-
send et al. 2021), and measure genetic diversity and
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identify genetic bottlenecks (Ma et al. 2020; Van-
Wallendale et al. 2020). Landscape genetic analysis,
which integrates population genetics and landscape
ecology (Manel et al. 2003), can be used to identify
the importance of different environmental factors to
the facilitation or obstruction of spread and identify
movement corridors as non-native species disperse
throughout the newly invaded region (Arredondo
et al. 2018; Low et al. 2018). In addition to the classic
isolation by distance analysis (IBD (Wright 1943)),
which compares the relationship between genetic
distance and geographic distance, landscape genetics
assesses the relationship with resistance distance (or
isolation by resistance; IBR (McRae 2006)), where
distance is calculated based on the resistance of the
landscape to movement and gene flow.

Previous analyses have demonstrated that land-
scape resistance can be an accurate predictor of the
spatial spread of invasive species (Lovell et al. 2021);
however, this work did not assess local spatial scales
relevant for management decisions. If there is human-
aided dispersal within established populations or mul-
tiple source populations, this can confound the spatial
signal or lead to high admixture within the invasive
population, which in turn may increase genetic diver-
sity and the ability for the species to adapt to the
novel environment (Kolbe et al. 2004, 2007; Craw-
ford and Whitney 2010; Fieldsend et al. 2021). The
spatial genetic structure of non-native populations is
vital to understanding such processes and to inform
management decisions on how to deal with problem-
atic invasive species. For example, landscape genom-
ics has been used to assess both eradication units
(areas of high gene flow that need to be eradicated
simultaneously to prevent reinvasion) and popula-
tion densities of invasive species to appropriately plan
the amount of removal effort needed to be success-
ful (Macdonald et al. 2019; Sjodin et al. 2020). While
landscape genetics is a growing field with many pos-
sible applications (Balkenhol et al. 2015), few studies
have used these methods on invasive species (Li et al.
2017; but see Medley et al. 2015; Arredondo et al.
2018; Combs et al. 2018; Low et al. 2018) or in urban
landscapes (LaPoint et al. 2015), both of which are
assessed in the present study.

The highly urbanized landscape of South Florida is
a global hotspot for biological invasions and home to
the world’s largest community of non-native reptiles
and amphibians (Krysko et al. 2016; Capinha et al.
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2017). Success of non-native species introductions in
this region is due to several factors, including South
Florida’s subtropical climate, which provides a close
match to the native range of many introduced spe-
cies (Mothes et al. 2019), the presence of major ports
of entry, and the fact that South Florida is a global
hub for the exotic pet trade, which could benefit from
stricter law enforcement (Krysko et al. 2011). Lizards
constitute a large majority of this non-native commu-
nity, with established populations of at least 48 spe-
cies (Krysko et al. 2019). Genetic studies have been
conducted on a number of these non-native Florida
lizards, such as the many Anolis (Kolbe et al. 2004,
2007) and gecko species (Short and Petren 2011a,
2011b; Fieldsend et al. 2021). However, within this
non-native lizard community there are several rela-
tively large predatory lizards that, due to their gen-
eralist diets and large adult body sizes, likely impact
native species and food webs (Bartlett and Bartlett
1999; Enge et al. 2004) but are poorly studied in their
Florida range.

For this study, we focused on the invasion pat-
terns for two of these species, Agama picticauda and
Basiliscus vittatus, both introduced to Miami in the
1970s and now common throughout Miami-Dade
County (Figure S1). Agama picticauda is a rock spe-
cialist from West Africa, thought to be first intro-
duced to South Florida in 1976, but was presumed
to be extirpated from the original introduction site
when it was demolished for the construction of a
railway transport system (Wilson and Porras 1983).
In the early 1990s, it was introduced again via a rep-
tile dealer (possibly as a consequence of Hurricane
Andrew) in the Homestead area (Enge et al. 2004).
Basiliscus vittatus is a riparian specialist from Central
and South America, introduced at the same original
site as A. picticauda in 1976 and believed to have sur-
vived the site demolition as individuals were after-
wards found along a nearby canal (Wilson and Porras
1983). Both species were subsequently identified in
other counties throughout Florida, although these are
assumed to be separate introduction events (Krysko
et al. 2006; Nunez et al. 2016). For this study, we
focus on Miami-Dade County, where both species
were first introduced to Florida and are most abun-
dant and widespread (Krysko et al. 2019).

While these species possess similar introduction
histories, body sizes, and trophic roles (i.e., general-
ist predators; Krysko et al. 2019), they exhibit two
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extremes in habitat specialization, which we predict
has influenced their dispersal across their non-native
ranges and produced unique spatial genetic struc-
ture between species. For example, A. picticauda is
a rock-specialist often observed making extensive
use of anthropogenic impervious surfaces, and thus
having close associations with disturbed and urban-
ized habitats in both its native (Krishnan et al. 2019)
and non-native (Krysko et al. 2019) range along with
observed use of transportation routes (e.g., hitch-
hiking on vehicles and trains; Moore 2019; Gray
2020). We therefore hypothesize that human-aided
dispersal may be responsible for this species’ rapid
spread (ninefold increase in site occupancy and four-
fold increase in local abundance across Miami-Dade
County within five years; Clements et al. in prep).
In addition to affinity to urbanized habitats (Bull-
ock et al. 2018), lack of isolation by distance and
high genetic similarity between geographically sepa-
rated individuals would be further lines of evidence
of human-aided dispersal (Short and Petren 2011a;
Kelager et al. 2013; Meng et al. 2015). In contrast,
B. vittatus is a known riparian specialist, and we pre-
dict the extensive network of canals in Miami-Dade
County is a main mode of dispersal for this species
(Krysko et al. 2006; Meshaka 2011). Comparing the
population structure and inferred invasion patterns for
these two species that exhibit such stark differences
in their ecological traits, but are spreading throughout
the same landscape, provides a unique way to identify
how knowledge of species’ natural history and ecol-
ogy could help predict their dispersal throughout a
new region. In this study, we use landscape genomic
methods to understand spatial structure and disper-
sal patterns for these large predatory lizards, with the
hopes of informing management decisions in South
Florida and other regions where these or similar spe-
cies may be introduced.

Materials and methods
Sampling and molecular procedures

We utilized an individual-based sampling approach,
as this is the most powerful approach for detecting
landscape influences on gene flow and is most appro-
priate for non-native species that are continually
dispersing and have yet to reach equilibrium in the

invaded range (Landguth et al. 2010; Shirk and Cush-
man 2014). We collected 45 A. picticauda and 50
B. vittatus individuals from sites spread throughout
Miami-Dade County in 2018-2019 (Fig. 1) by hand
or using a small lasso. Sample localities were chosen
by collecting all records for each species in Miami-
Dade County from the Global Biodiversity Informa-
tion Facility (GBIF.org 2021a,b) and EDDMapS
(EDDMapS 2021) databases and spatially filtering
them to 1 km, so that all targeted sites were > 1 km
apart. A few collection sites ended up being <1 km
apart due to opportunistic sampling.

Genomic DNA was extracted from tissues (liver
or muscle) using Qiagen’s DNeasy Blood and Tissue
Extraction kit (Qiagen, Hilden, Germany), following
the standard extraction protocol. DNA quality was
checked by running 100 ng of each sample on a 1%
agarose gel to confirm intact, unfragmented DNA.
DNA samples were sent to University of Wisconsin-
Madison’s Biotechnology Center DNA Sequencing

. Agama pic}audn

A Basiliscus vittatus

Fig.1 Sample sites throughout Miami-Dade County, FL
where Agama picticauda and Basiliscus vittatus were captured
for this study
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Facility for genotyping-by-sequencing using the
restriction enzyme ApeKI for both species (follow-
ing enzyme optimization). SNPs were called using
the non-reference genome version of the Universal
Network Enabled Analysis Kit (UNEAK) pipeline
(Lu et al. 2013) implemented in Tassel 3.0 (Brad-
bury et al. 2007). This pipeline trims reads to 64 bp,
merges identical reads into tags within each barcoded
individual, and uses pairwise alignment to identify
tag pairs with 1 bp mismatch (while probabilistically
correcting sequencing errors using the error tolerance
rate parameter set to 0.05). This resulted in 388,535
SNPs for A. picticauda and 497,346 SNPs for B. vit-
tatus. These candidate SNPs were further filtered to
only those present in >90% of individuals and those
with > 5% minor allele frequency, which left a final
dataset of 4446 and 3952 SNPs for A. picticauda and
B. vittatus, respectively, that was used for all analyses.
We calculated observed heterozygosity (H,), expected
heterozygosity (H.), and the inbreeding coefficient
(Fig; calculated as the averaged difference between
the observed and expected heterozygosity) using the
‘Hierfstat’ package in R (Goudet and Jombart 2020;
version 0.5-7).

Population structure analyses

Multiple analyses were used to identify the popula-
tion structure for each species. First, we performed
a STRUCTURE (Pritchard et al. 2000) analysis in
STRUCTURE v.2.3.4 for values of K ranging from 1
to 10 for 500,000 iterations following 100,000 itera-
tions of burn-in with five replicates. The best value
for K was chosen using the Evanno method (Evanno
et al. 2005) in the program STRUCTURE HAR-
VESTER (Earl and vonHoldt 2012). Second, we
used the R package ‘conStruct’ (Bradburd 2019; ver-
sion 1.0.4), which is different from STRUCTURE
as it is designed for dispersing species (incorporat-
ing isolation by distance) and compares spatial and
non-spatial models. For this analysis, we assessed K
from 1 to 10 with 10 replicates and 5000 iterations.
To test for an effect of isolation by distance (IBD)
on genetic structure, we performed a Mantel test
between genetic and geographic distances, followed
by a Mantel correlogram analysis to test for signifi-
cance of spatial autocorrelation among individuals
at different spatial scales using the R package “eco-
dist” (Goslee and Urban 2007; version 2.0.7). Spatial
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autocorrelation was assessed at intervals of 1 km (the
minimum spacing at which samples were collected)
and at larger intervals of 5 km. The genetic distance
used was the proportion of shared alleles (D,; Bow-
cock et al. 1994) calculated in the ‘adegenet’ R pack-
age (Jombart 2008; version 2.1.3), which has shown
to be an effective distance metric for individual-based
sampling and landscape genetic analyses (Shirk et al.
2017), and outperformed other metrics when uti-
lized on non-native populations (Medley et al. 2015).
Finally, we conducted a spatial principal compo-
nents analysis (SPCA), a spatially explicit ordination
approach implemented in the “adegenet” R package
(Jombart 2008). This analysis identifies eigenvectors
that maximally explain both the genetic variance and
trends in spatial autocorrelation.

Landscape influence on genetic structure

To understand how different landscape features shape
the spatial structure of each species in the invaded
range, we used the R package ‘ResistanceGA’ (Peter-
man 2018; version 4.0-0). ResistanceGA utilizes
genetic algorithms to maximize the fit of resist-
ance surfaces to the pairwise georeferenced genetic
data and effective distances. The advantage of using
‘ResistanceGA’ for landscape genetics is that it does
not require a priori knowledge of how resistant dif-
ferent landscape elements are to dispersal of the spe-
cies, as most other methods do. Further, it can incor-
porate both categorical and continuous variables to
delineate these landscape elements. The environ-
mental variables we used include: (1) a categorical
land cover layer from the Florida Fish and Wildlife
Land Cover dataset (10 m resolution; Kawula and
Redner 2018) with 15 land cover classes (e.g., agri-
culture, developed, transportation, vegetation types,
water bodies), (2) a feature layer for the presence of
roads, (3) a continuous layer for daily traffic intensity
of each road (FDOT 2020), (4) a continuous layer of
percent canopy cover (USDA Forest Service 2019;
30 m resolution), (5) a continuous layer for percent
impervious (i.e., urbanized) surface (U.S. Geological
Survey 2019; 30 m resolution), and (6) a feature layer
for the presence of canals (USGS 2019), which are
abundant throughout Miami-Dade County. The land
cover, canopy cover, and impervious surface layers
were aggregated to a resolution of 100 m to increase
computational efficiency.
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Landscape variables were optimized with pairwise
resistance distances calculated in Circuitscape (Shah
and McRae 2008) using default ‘ResistanceGA’
parameters and the D genetic distance metric. All
models were run twice to confirm similar results, as
this is a stochastic process. After optimizing each
surface independently with single-surface optimiza-
tion, we ran multi-surface optimization pairing the
top variable based on AIC, (AIC corrected for sam-
ple size) with all other individual variables. We then
conducted a bootstrap analysis to identify which
combination of variables (single or multi-surface)
was chosen most often as the top resistance surface
explaining the genetic variation. This multi-surface
analysis was only conducted for B. viftatus, as A.
picticauda revealed no support for any spatial model
(i.e., the null model was best supported).To further
investigate each species’ affinity for different land-
scape types, we extracted land cover data at all unique
localities using the 10 m land cover layer included in
the ResistanceGA analysis. The localities in this anal-
ysis included all capture locations for individuals in
this study, as well as all georeferenced Miami-Dade
County occurrences recorded in the GBIF (GBIF.
org 2021a, b) and EDDMaps (EDDMaps 2021) data-
bases. We then performed a contingency analysis to
see if land cover associations differed between the
two species. To account for spatial autocorrelation
of the locality data, we followed recommendations in
Cerioli (2002) to subsample our point datasets until
spatial autocorrelation was no longer detected. We
thinned each species dataset in increments of 50 m
using the spThin R package (Aiello-Lammens et al.
2015; version 0.2.0) until there was no spatial auto-
correlation based on a Join Count Test calculated
using the spdep R package (Bivand & Wong 2018;
verion 1.3-3). We then performed the contingency
analysis on these thinned datasets, including only
land cover classes that had > 10 occurrences for at
least one species. To further investigate which land
cover types were significantly used by one species
over another, we calculated 95% confidence intervals
around the difference in proportion of each species’
occurrences that were found in each land cover type.
Cases where the confidence intervals do not overlap
zero indicate a significant difference.

Results
Genetic diversity

Observed heterozygosity (H,) was significantly lower
than expected for both A. picticauda (p<0.0001)
and B. vittatus (p <0.0001) throughout Miami-Dade
County. Agama picticauda had an H; of 0.31 and an
inbreeding coefficient (Fg) of 0.18, while B. vitat-
tus had a lower Hy of 0.20 and a much higher Fig of
0.38. Expected heterozygosity (H,) was relatively
similar for both species (A. picticauda=0.38; B.
vitattus=0.31). These results suggest small, inbred
populations for both species (Short and Petren 201 1a;
Mdladla et al. 2018), with B. vittatus exhibiting much
lower genetic diversity and higher levels of inbreed-
ing compared to A. picticauda.

Population structure
IBD and spatial autocorrelation

Isolation by distance (IBD) was not a significant
predictor of A. picticauda’s overall genetic structure
(p=0.83); however, this varied across spatial scales.
Using 1 km distance classes, the Mantel correlogram
analyses revealed significant positive spatial autocor-
relation at small distances around 2-3 km and at mid-
high distances around 25-30 km (Fig. 2a). Negative
spatial autocorrelation (i.e., individuals closer in dis-
tance being less genetically related) was found at mid-
range distances of 12—-18 km and at high distances of
37-38 km. When assessed using larger 5 km distance
classes, there was only significant spatial autocorrela-
tion at small <5 km distances (Fig. 2b).

For the B. vittatus population, IBD was a signifi-
cant predictor of overall genetic structure (Mantel
r=0.17, p=0.004). Although not a strong correla-
tion, this indicates greater spatial structure in B. viz-
tatus compared with A. picticauda. The degree, and
even direction, of spatial autocorrelation in B. vittatus
genetic structure varied across spatial scales. At small
distances < 10 km there was significant positive spa-
tial autocorrelation (Fig. 2¢ and d). However, at mid-
range distances of 17-30 km there was significant
negative autocorrelation.
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Fig. 2 Mantel correlogram results for Agama picticauda using 1 km (a) and 5 km (b) distance classes, and the same for Basiliscus
vittatus in (c) and (d), where black circles indicate significant autocorrelation

STRUCTURE and conStruct analyses

The STRUCTURE analysis indicated K=2 as the
optimal number of clusters for A. picticauda based on
the Evanno method. However, given that the Evanno
method cannot assess when K=1, it is suggested
to also examine the likelihood distribution (L[K];
Evanno et al. 2005), and in this case it is important to
note that L(K) for K=1 is nearly as high as for K=2
(Figure S2). At K=2, only two individuals were sep-
arated into the second cluster, and K=3 separated
the remaining 43 individuals into relatively equal-
sized groups (Fig. 3). For B. vittatus, the STRUCTU
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RE analyses also revealed an optimal value of K=2,
but with a nearly equal split in population assignment
(Fig. 4).

The conStruct analysis for A. picticauda showed
minimal difference in model performance between
spatial and non-spatial models (Figure S3a), except
for K=2, where the spatial model significantly out-
performed the non-spatial model. In agreement with
the STRUCTURE analysis, K=2 appeared to be the
best value of K for A. picticauda, as predictive accu-
racy showed little improvement after this value (Fig-
ure S3a). However, subsequent additional clusters
showed substantial contribution to the covariance as
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Fig. 3 Agama picticauda population assignments resulting
from the STRUCTURE and conStruct non-spatial and spa-
tial analyses across K=2-4 number of clusters. STRUCTU
RE analysis revealed K=2 as the optimal number of clusters,
which is corroborated by the conStruct spatial model, while the

K increased for both the spatial and non-spatial mod-
els (Figure S4a and b), suggesting more than two
clusters may better define this population. The cluster
assignments for the non-spatial model were the same
as the STRUCTURE results, assigning the same two
individuals to their own group at K=2, and for K=3
the remaining individuals were split relatively evenly
into two groups (Fig. 3). However, the spatial model
showed much higher mixed assignments at K=2.

For B. vittatus, the conStruct analysis indi-
cated support for the spatial model over the non-
spatial model across all values of K (Figure S3b),
again indicating greater population structure in
this species relative to A. picticauda. The biggest

conStruct non-spatial model showed the largest improvement
in predictive accuracy at K=3. Note that across all models
there is minimal spatial clustering of population assignments
compared to B. vittatus in Fig. 4

improvement in predictive accuracy occurred from
K=1 to K=2, and performance increased very lit-
tle after K=4. When examining the cluster con-
tributions, for the spatial model there was little
contribution of clusters>4 (Figure S4c), and the
non-spatial model showed hardly any additional
contribution to covariance for layers>2, until it
reached high values of K=9 and 10 (Figure S4d).
The cluster assignments for the non-spatial model
were similar to the STRUCTURE model for K=2
and 3, with more variance at K=4. While cluster
assignments were variable across all models, there
appeared to be slight structure along the latitudinal
gradient (Fig. 4).
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Fig. 4 Basiliscus vittatus population assignments resulting
from the STRUCTURE and conStruct non-spatial and spa-
tial analyses across K=2-4 number of clusters. STRUCTU
RE analysis revealed K=2 as the optimal number of clusters,
while the conStruct models showed little improvement after

sPCA analyses

Global structure in A. picticauda was only margin-
ally supported (p=0.07) based on sPCA analysis,
with a slight latitudinal structure seen when mapping
these results (Fig. 5a—c). In contrast, sSPCA analysis
for B. vittatus identified significant global structure
(»=0.02). The first global axis shows strong genetic
differentiation between the mid-latitude group of
individuals and those to the north and south (Fig. 5d),
similar to the patterns seen in the population struc-
ture analyses (Fig. 4). The second global axis shows
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K =4, with the spatial model showing higher predictive accu-
racy than the non-spatial model. Note that across all models
there is higher spatial clustering of population assignments
compared to A. picticauda in Fig. 3

a clear east to west break in genetic connectivity
(Fig. 5e), and plotting both axes together shows the
mid-latitude group is genetically different from those
to the north and south, and that within the mid-lati-
tude group there is a gradual east to west genetic dif-
ferentiation (Fig. 5f).

Landscape influence on population structure
The ResistanceGA analysis for A. picticauda

revealed the intercept-only null model was best sup-
ported, showing no support for any spatial model,
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Fig. 5 First and second global axis scores from the sPCA
analysis for Agama picticauda (a, b) and Basiliscus vittatus
(d, e), respectively, followed by color plots combining the
first two axes for A. picticauda (c) and B. vittatus (f). Larger
squares represent higher genetic differentiation between sites
of the opposite color, such that locations with large white
squares are well differentiated from large black squares, while

thus corroborating previous analyses suggesting that
there is little spatial structure within this population
(Table 1). In contrast, resistance surface optimization
for B. vittatus revealed that canopy cover was the best
predictor of genetic variation (Table 2), with lower
resistance assigned to areas with lower percentages of

small squares represent sites with less genetic differentiation.
Similar colors in ¢ and f represent genetic similarity on a red-
green color spectrum. Spatial genetic structure in B. vittatus
has significant support (p=0.02) while spatial structure in A.
picticauda is only marginally supported (p=0.07). This can be
visualized in the overall larger size of squares for B. vittatus
compared to A. picticauda

canopy cover (Figure S5). Canopy cover was also the
only variable that performed better than a Euclidean
distance model.

The contingency analysis revealed significant
differences in land cover association between
the two species (p<0.001, Fig. 6). The biggest

Table 1 Agama picticauda

. Surface AIC, AAIC, Marginal R? Conditional R? Log liklihood

model selection results

for resistance surface Null —662896 0 0 0.417 3315.529

optimization Distance —6627.95  1.02 0.0076 0.423 3316.116
Roads —662743  1.53 0.0256 0.435 3317.007
Canals —6626.48  2.49 0.00552 0.419 3316.531
Traffic volume ~ —662571  3.26 0.0307 0.438 3317.353

Highest support for the null Urbanization —6624.82 4.5 0.0292 0.457 3316.907

model conforms with other Canopy - 6624 4.96 0.023 0.435 3316.5

evidence for lack of spatial Land cover —6589.49  39.48 0.0854 0.491 3320.458

structure
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Table 2 Basiliscus vittatus

, Surface AIC, AAIC,  Marginal R>  Conditional R>  Log liklihood
model selection results
for resistance surface Canopy —74412 0 0.313 0.532 3725.056
optimization Distance —743201  9.19 0.266 0.474 3718.134
Roads —742994 1126 0.263 0.472 3718.237
Canopy cover was thgl Canals —742931  11.90 0.263 0.472 3717.92
most important variable Traffic volume ~ —7429.16  12.04  0.258 0.46 3719.034
for describing population
structure in this species, Urbanization —7427.64  13.56 0.27 0.478 3718.274
with greater movement Land cover —7398.69 42.51 0.306 0.503 3723.847
through areas with open Null —723542 20578 0O 0.141 3618.754
canopy
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Fig. 6 Percentage of each species’ occurrences found in each
land cover type (only showing categories with >10 occur-
rences for at least one species). Error bars represent 95%
confidence intervals, with * indicating significant differences

difference in landscape association was in relation
to urbanized land cover, where 41% of A. picti-
cauda localities were from high intensity urban
sites compared to only 24% of B. vittatus localities.
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between species’ habitat associations. The localities in this
analysis included all capture locations in this study as well as
all georeferenced Miami-Dade County occurrences recorded in
the GBIF and EDDMaps databases

Discussion

Understanding invasion patterns via population
genetic structure and landscape connectivity for
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established non-native populations serves as vital
information for invasive species management (Kul-
hanek et al. 2011; Glen et al. 2013; Macié et al.
2018). In this study we applied city-wide individual-
based sampling in a multi-species comparative frame-
work with thorough SNP genotyping, providing novel
findings on the movement ecology of non-native
species in a global hotspot for biological invasions.
Our results show contrasting levels of genetic spatial
structure between two non-native lizard species, with
consistently higher levels of spatial structure in B. vit-
tatus compared to A. picticauda across all analyses
(IBD, conStruct, sSPCA, ResistanceGA). This is mir-
rored by differences in habitat affinities, with B. vitta-
tus more common near canals while A. picticauda is
more common in high intensity urban habitat. Agama
picticauda’s affinity for highly urbanized areas is the
pattern of habitat association most expected to lead to
human-aided dispersal (Bullock et al. 2018). Further,
lack of isolation by distance (as seen in A. picticauda)
is commonly found in invasive species in which
human-mediated dispersal plays a prominent role in
spread across the invaded range (Kelager et al. 2013).
Perhaps the clearest support for human-aided disper-
sal is that the two most closely related A. picticauda
individuals were found at sites that are ~30 km apart
but connected by linear transportation routes (US 1
and the Metrorail). Still, while we view human-medi-
ated dispersal as the most likely explanation of the
genetic structure (or lack thereof) in A. picticauda’s
invaded range, we cannot rule out the possibility that
A. picticauda are so well adapted to Miami’s urban
environment that they are able to disperse them-
selves rapidly across such distances, experiencing
essentially no barriers to gene flow. In this vein, A.
picticauda’s ecological role as a rock-specialist may
provide pre-adaptation to the urban environment due
to similarities between anthropogenic impervious sur-
faces and rock.

It is important to note that these differences in
genetic spatial structure between A. picticauda and
B. vittatus occur despite the two species having simi-
lar invasion histories, body size, and trophic posi-
tions (i.e., generalist predators; Krysko et al. 2019),
lending additional support to the prediction that their
contrasting habitat affinities play an important role
in dispersal patterns. However, there are other dif-
ferences between the two species (e.g., continent of
origin) that cannot be ruled out as influencing their

dispersal patterns. Still, the evidence presented here
supports the idea that a species’ ecological character-
istics shape its invasion patterns and such information
should be taken into account when making manage-
ment decisions. It is also important to note that even
B. vittatus does not follow a continuous pattern of
increased genetic differentiation from the known
sites of introduction. This implies that there have
either been more introduction events than previously
thought, as is the case for nearly all other genetic
studies of non-native reptiles in South Florida (Kolbe
et al. 2004, 2007; Fieldsend et al. 2021), human-aided
dispersal is spreading individuals of both species fur-
ther than they would disperse on their own, and/or
landscape features of the invaded range play a role in
shaping spatial structure.

Variable dispersal patterns

All population structure and landscape analyses pre-
sent contrasting evidence for how these two species
have dispersed throughout the same invaded range.
Previous landscape genetic work has demonstrated
differing movement patterns for closely related but
ecologically distinct invertebrates (Engler et al.
2014), and here we present the first evidence of this in
non-native vertebrate species. One species, A. picti-
cauda, showed insignificant or marginal spatial struc-
ture across Miami-Dade County for all analyses, with
the exception of significant positive spatial autocor-
relation at local (<5 km) scales. In contrast, B. vit-
tatus showed significant spatial structure across all
analyses. The land cover association analysis empha-
sizes that the contrasting ecological characteristics
of these two species may be the reason they exhibit
different dispersal patterns. In particular, the finding
that A. picticauda are found significantly more often
in highly urbanized sites, increasing their susceptibil-
ity to human-aided dispersal, may explain the lack of
spatial genetic signal in this species.

Agama picticauda

The lack of spatial structure seen in this study is also
reflected in A. picticauda’s native range, where IBD
was insignificant both range wide and within iden-
tified subpopulations (Krishnan et al. 2019). In its
native range, it is believed the lack of structure is
due to long-range dispersal events via hitchhiking
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on vehicles, leading to close genetic relatedness
between distant locations (Krishnan et al. 2019). This
hypothesis is corroborated by another study on the
Miami-Dade County A. picticauda population based
on locality data in the Homestead area, suggesting
individuals are commonly dispersing via the railway
system, in particular hitchhiking on plant exports as
they were often found near nurseries (Gray 2020). As
mentioned above, the two most closely related A. pic-
ticauda individuals were found at sites ~30 km apart
that are connected by a linear transportation route.
In terms of habitat associations, over half of A. pic-
ticauda localities in Miami-Dade County were from
urbanized sites (mostly categorized as high inten-
sity urban), and over a quarter (27%) were found at
transportation-associated sites. This further empha-
sizes the likelihood that the lack of genetic structure
in the Miami-Dade A. picticauda population is due to
human-aided dispersal throughout the invaded range.

The population structure analyses supported K=2
as the optimal number of clusters, and interestingly
the two individuals that both the STRUCTURE and
conStruct non-spatial model separated into their own
cluster were both found on the University of Miami
(UM) Coral Gables campus. While previous genetic
work suggests that the Miami-Dade County A. picti-
cauda populations come from a single source popu-
lation (Nunez et al. 2016), sampling was limited to
the area surrounding the introduction site in Home-
stead. The population structure results presented here
may indicate that the UM campus population is the
result of a separate introduction event. This would
also not be the first time a non-native lizard species
was introduced on the UM Coral Gables campus,
where the Cuban knight anole (Anolis equestris) was
believed to have been first introduced in 1952 (King
and Krakauer 1966) and is now spread across 12
Florida counties (Krysko et al. 2011). Alternatively, it
is possible that the original population introduced in
1976 was not truly extirpated as previously thought,
and this northern genetic cluster reflects individuals
from that first introduction near Miami International
Airport.

Basiliscus vittatus
In contrast to A. picticauda, B. vittatus did show a

significant IBD relationship over the entire Miami-
Dade population, along with positive spatial
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autocorrelation at short distances and negative auto-
correlation at mid-distance classes, which is indica-
tive of restricted gene flow (Peakall et al. 2003) and
evidence that the genetic structure is non-random.
The STRUCTURE and conStruct analyses show a
general latitudinal structure pattern (Fig. 4), how-
ever the east—west cluster at mid-latitudes appears
to diverge from those to the north and south,
reflected in the SPCA results (Fig. 6). This cluster at
mid-latitudes is grouped around the original intro-
duction site for B. vittatus, which suggests these are
individuals dispersing from the original point of
origin.

The spatial structure outside of this cluster is
not as clear. The ResistanceGA analyses revealed
canopy cover as the best predictor of spatial genetic
structure (also the only variable explaining genetic
variation better than Euclidean distance), giving low
percentages of canopy cover the lowest resistance
(Figure S5). The average percent canopy cover of all
known B. vittatus localities was 28%, with a median
of 23%, corroborating the ResistanceGA analyses and
previous research within the species’ native range,
where B. vittatus was consistently found in more open
canopy habitats (Brusch et al. 2016). In addition, 70%
of the B. vittatus individuals captured for this study
were found at or near (within 100 m) of a canal,
which generally possess low canopy cover, being
open water man-made structures running through
urbanized areas. However, even though B. vittatus
shows high fidelity to canals, the presence of canals
was not shown to be a strong predictor of genetic var-
iation (Table 2), suggesting canals may not be their
main mode of dispersal throughout South Florida as
previously postulated (Krysko et al. 2006; Meshaka
2011). One potential explanation is that B. vittatus
move along canals at local scales, but their distribu-
tion at the county scale is shaped by other factors and
canals are not modes of dispersal for long distances.
Moreover, while B. vittatus shows fidelity to canals,
the individuals found most often near the water’s
edge are juveniles, while adults spend more time fur-
ther away from the water (Hirth 1963; Laerm 1974),
suggesting that adults may not disperse via water bod-
ies. The land cover association analyses found that
this species was captured at transportation-associated
sites 25% of the time, suggesting B. vittatus may also
be subject to long distance translocations via human-
aided dispersal, which may be the reason we find a
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lack of continuous spatial structure across the entire
range.

Evidence and implications of human-aided dispersal

Human-aided dispersal is rewiring species spatial
networks across the globe (Bullock et al. 2018), evi-
dent in both native (Perrigo et al. 2012; Valls et al.
2016) and invasive populations (Suarez et al. 2001;
Medley et al. 2015; Arredondo et al. 2018), as pos-
tulated in this study. Human-aided dispersal within
the invaded range complicates the reconstruction
of invasion history, which is important for invasive
species management (Cristescu 2015). Information
on modes of dispersal is also vital to guide manag-
ers towards target areas that are identified as facilita-
tors of spread. This study suggests that humans are
one of those main facilitators. Studies demonstrating
a human role in dispersing non-natives throughout
the invaded range have primarily been conducted on
plant (Rauschert et al. 2017; Arredondo et al. 2018)
and invertebrate species (Medley et al. 2015; Robi-
net et al. 2016), and very few have investigated this
in invasive vertebrates, which one would assume are
less likely to be human-dispersed due to their size and
conspicuousness. Examples of human-aided dispersal
of vertebrates include wild pigs (Sus scrofa) in Cali-
fornia, which are assumed to be spread as a result of
hunting-related activities (Tabak et al. 2017), tropi-
cal house geckos (Hemidactylus mabouia) in Miami,
which exhibit similar small-scale genetic structure
likely accompanied by long-distance human-aided
dispersal across the landscape (Short and Petren
2011a), and house sparrows (Passer domesticus) in
Kenya, for which trucks and railways are theorized to
be the leading cause of range expansion and popula-
tion admixture throughout the invaded range (Schrey
et al. 2014).

In this study, the lack of positive spatial autocor-
relation at all but the shortest distances for both A.
picticauda and B. vittatus, and their common asso-
ciation with transportation-related habitats (Fig. 6)
strongly suggests that hitchhiking on vehicles is a
main mode of long-range post-invasion dispersal.
For A. picticauda especially, all lines of evidence
indicate random population structure and high fidel-
ity to urbanized areas, emphasizing that human-
aided dispersal is likely the main mode of spread for

this species, although further studies are needed to
support this hypothesis. To prevent future spread of
these species in South Florida and any future intro-
duction sites, targeting transportation routes may be
important for management action as additional evi-
dence suggests both species may be of greater harm
to natural ecosystems than previously thought (Gio-
eli and Johnson 2020). This targeting could consist
of inspecting transportation hubs for new occur-
rences followed by removal measures, using net-
work models to prioritize which transportation hubs
are most important to search (Hulme 2009). Over-
all, this work demonstrates how landscape genetic
analyses can be used to study the spatial structure
and movement ecology of non-native vertebrate
populations, which will be vital as biological inva-
sions pose increasing detrimental impacts to native
ecosystems.
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