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Rapid progression of human socio-economic activities has altered the structure and
function of natural landscapes. Species that rely on multiple, complementary habitat
types (i.e., landscape complementation) to complete their life cycle may be especially
at risk. However, such landscape complementation has received little attention in the
context of landscape connectivity modeling. A previous study on flower longhorn beetles
(Cerambycidae: Lepturinae) integrated landscape complementation into a continuous
habitat suitability ‘surface’, which was then used to quantify landscape connectivity
between pairs of sampling sites using gradient-surface metrics. This connectivity model
was validated with molecular genetic data collected for the banded longhorn beetle
(Typocerus v. velutinus) in Indiana, United States. However, this approach has not been
compared to alternative models in a landscape genetics context. Here, we used a
discrete land use/land cover map to calculate landscape metrics related to landscape
complementation based on a patch mosaic model (PMM) as an alternative to the
previously published, continuous habitat suitability model (HSM). We evaluated the HSM
surface with gradient surface metrics (GSM) and with two resistance-based models
(RBM) based on least cost path (LCP) and commute distance (CD), in addition to an
isolation-by-distance (IBD) model based on Euclidean distance. We compared the ability
of these competing models of connectivity to explain pairwise genetic distances (RST )
previously calculated from ten microsatellite genotypes of 454 beetles collected from 17
sites across Indiana, United States. Model selection with maximum likelihood population
effects (MLPE) models found that GSM were most effective at explaining pairwise
genetic distances as a proxy for gene flow across the landscape, followed by the
landscape metrics calculated from the PMM, whereas the LCP model performed worse
than both the CD and the isolation by distance model. We argue that the analysis of a
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continuous HSM with GSM might perform better because of their combined ability to
effectively represent and quantify the continuous degree of landscape complementation
(i.e., availability of complementary habitats in vicinity) found at and in-between sites, on
which these beetles depend. Our findings may inform future studies that seek to model
habitat connectivity in complex heterogeneous landscapes as natural habitats continue
to become more fragmented in the Anthropocene.
Keywords: landscape configuration, maximum-likelihood population effects, surface metrics, landscape metrics,
gradient surface model, patch mosaic model, isolation-by-resistance, complementary habitat

INTRODUCTION

modeling approaches and metrics to represent the environment
and assess genetic patterns of species across the landscape has
become a new challenge.
Capturing biologically relevant landscape features for building
a reliable connectivity model is a challenging task that
depends on the species’ distribution and life history. This
task may be particularly challenging in species that require
landscape complementation, where different life history stages
rely on multiple, complementary habitat types (e.g., Dunning
et al., 1992; Pope et al., 2000; Mandelik et al., 2012). While
landscape complementation has received little attention in the
context of landscape connectivity modeling (and vice versa) it
provides a unique context to examine the ability of different
conceptualizations of landscape heterogeneity and connectivity
modeling approaches to explain genetic patterns across a
landscape. In this study we compare the ability of fundamentally
different descriptors of habitat heterogeneity (Figure 1) to
explain genetic dissimilarities among populations of a species
reliant on landscape complementation – the banded longhorn
beetle [Typocerus v. velutinus (Olivier)].
Banded longhorn beetles require multiple phenological
habitats throughout their life-history that can only be supported
by landscape complementation. The species’ requirements for
completing its life cycle consist of open flowering habitat
(shrublands, grasslands, or pastures), which is required for adults’
feeding and mating, adjacent to forested woodlands that contain
dead and decaying wood, which supports larval development
(Linsley, 1959).
To explain pairwise genetic distances as a proxy of
gene flow between sampling locations (sites), we evaluated
landscape heterogeneity and connectivity using discrete and
continuous landscape representations. For the discrete landscape
representation, we used a categorical land use/land cover map
(NLCD 2011; Homer et al., 2015) to calculate landscape metrics
based on the PMM. The PMM has routinely been used to
describe landscape composition (amount of each habitat type)
and configuration (spatial arrangement of habitat types) (e.g.,
Pringle et al., 1988; Carrara et al., 2015). This approach continues
to have applicability (Fourcade et al., 2017) due to its conceptual
simplicity and consistency with statistical analysis frameworks
(e.g., ANOVA) (McGarigal et al., 2009). However, PMM has
been criticized for its over-simplicity, and lacking the capacity to
describe the continuous nature of habitat heterogeneity in natural
landscapes (McGarigal et al., 2009).

Rapid progression of landscape changes associated with human
socio-economic activities in the Anthropocene alters the
structure and function of natural landscapes (DeFries et al.,
2004; Lee et al., 2006; Hobbs et al., 2009). One such direct
impact is the transformation of ecosystem edges and ecotones
(transition zones between ecosystems) (Fortin et al., 2000; Stewart
et al., 2013), which may disturb nutrient and phenological
cycles (Décamps and Naiman, 1990) of different taxa. For
instance, land-use change and disturbance have threatened
functional diversity in terrestrial arthropods (Birkhofer et al.,
2015), economic and agricultural development has impacted
microbial ecosystems and communities (Pepper et al., 2015),
contributed to landscape erosion and aridification (Zerboni and
Nicoll, 2019), and altered ecosystem function through shifts in
key phenological events like flowering (Calinger, 2015). At the
landscape level, anthropogenic impacts have been acknowledged
among main drivers of habitat loss and fragmentation leading
to habitat isolation, and increasing barriers to movement of
organisms and their genes across the landscape (Fortin et al.,
2000; Lindenmayer and Fischer, 2007). In order to better manage
landscapes that support human socio-economic development
and maintain natural habitats that support biodiversity, we
need an effective and accurate quantification of landscape
heterogeneity and connectivity at biologically meaningful scales.
Landscape genetics provides explicit methods for quantifying
the effects of landscape spatial heterogeneity on gene flow and
spatial genetic structure of organisms (Storfer et al., 2007).
Historically, landscape genetic studies have been constrained
by cost-prohibitive genetic data collection (Shendure and
Aiden, 2012), limited landscape-scale habitat information, and
difficulties in characterizing spatial heterogeneity at a meaningful
scale and linking that heterogeneity to genetic patterns. However,
advances in DNA isolation techniques (e.g., Davey et al., 2011),
reductions in genetic data-collection costs (Shendure and Aiden,
2012), and increasing access to large landscape-level datasets [e.g.,
the National Land Cover Database (NLCD) in the United States
or large-scale digital elevation models] have resulted in lower
costs and increased data availability. Therefore, finding optimal
Abbreviations: AIC, Akaike’s Information Criterion; CD, commute distance;
GSM, gradient surface metrics; HSM, habitat suitability model; IBD, isolationby-distance; LCP, least cost path; MLPE, maximum likelihood population effects;
NDVI, normalized difference vegetation index; NLCD, National Land Cover
Dataset; PMM, patch mosaic model; RBM, resistance-based models; REML,
restricted maximum likelihood.
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FIGURE 1 | Conceptual framework of various landscape modeling approaches in landscape genetics illustrating the difference between study design focus (site
specific vs. landscape), and modeling approaches (categorical vs. continuous) representation of habitat in the landscape.

(see Abdel Moniem and Holland, 2013 for more details). These
variables represent aspects of habitat quality and the local
availability of resources for both larval and adult development.
Abdel Moniem and Holland (2013) analyzed the topology of
this HSM to quantify landscape heterogeneity using GSM.
These metrics describe different aspects of surface roughness,
the shape of the surface height distributions, surface angular
texture, and surface radial texture and magnitude (reviewed
in McGarigal et al., 2009; Abdel Moniem et al., 2016). The
GSM were found to be powerful descriptors of the continuous,
undulating shape of habitat suitability surfaces and effective
predictors of the community composition of longhorn beetles
(Abdel Moniem and Holland, 2013).
In the landscape genetic literature, landscape connectivity
is commonly assessed through resistance modeling based
on the idea that different landscape features pose different
levels of resistance to organism movement (Adriaensen
et al., 2003; McRae, 2006). Resistance values, which are
quantitative by nature, can be assigned to discrete landuse/land-cover classes (McRae et al., 2008). Alternatively, a
resistance surface (or its inverse, conductance) can be derived
by transforming a HSM model (Keeley et al., 2016). Either
way, the resistance of the intervening landscape between
any pair of sampling locations can then be evaluated
either as a single-best corridor (LCP; Adriaensen et al.,
2003), or as CD based on circuit theory (McRae, 2006;

A few early papers represented landscapes as gradients
and not as discrete land use classes (Jeltsch et al., 1970;
McIntyre and Barrett, 1992; Manning et al., 2004; Lindenmayer
and Fischer, 2007), and this approach has become more
widely applied in recent years (e.g., McGarigal et al., 2009;
Abdel Moniem and Holland, 2013). A gradient approach
is directly applicable in many natural landscapes that are
dominated by gradual changes, whereas many agricultural
landscapes are compatible with a PMM due to anthropogenic
patterns of land use that create discrete patches. Abdel
Moniem and Holland (2013) modeled habitat suitability for
flower visiting longhorn beetles (Cerambycidae: Lepturinae) that
require landscape complementation by evaluating discrete and
continuous landscape features simultaneously in a movingwindow analysis. This resulted in a continuous HSM that
can be analyzed as a gradient surface. The HSM can thus
represent complex landscape characteristics (e.g., Abdel Moniem
and Holland, 2013), including the nearby availability of
complementary habitat types.
Here, we used the HSM previously derived by Abdel
Moniem and Holland (2013) that describes gradients in habitat
suitability for flower-visiting longhorn beetles as a continuous
surface. The model considered habitat complementarity by
incorporating discrete (e.g., NLCD), and continuous (e.g.,
digital elevation models or DEM, curvature index, solar
insolation, NDVI, and splitting index) landscape variables
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McRae et al., 2008; Shah and McRae, 2008), which considers
all possible paths.
This study aimed to compare approaches of modeling
functional connectivity for an organism that requires
multiple, complementary habitat types to complete its life
cycle, starting from discrete (PMM) and continuous (HSM)
landscape representations (Figure 1). The PMM landscape was
characterized by two different methods using landscape metrics
related to landscape complementation. The HSM landscape
representation published by Abdel Moniem and Holland
(2013) was evaluated with GSM, and with LCP and CD as two
alternative RBM. We then compared the ability of the different
models, including a null model of IBD, to explain genetic
distances for banded longhorn beetle among sampling sites,
using the genetic data from Abdel Moniem et al. (2016). We thus
aimed to identify which modeling approach best represented
connectivity for banded longhorn beetle, a species that requires
landscape complementation.

MATERIALS AND METHODS
Study Area and Genetic Data
We re-analyzed genetic data from Abdel Moniem et al. (2016),
which consisted of ten polymorphic microsatellite loci for
454 individuals sampled from 17 sampling locations across
Indiana (United States; Figure 2) between 2005 and 2011. These
microsatellite markers were specifically developed for longhorn
beetles in the study area and were screened for genotyping errors
and polymorphism prior to use [see Abdel Moniem et al. (2016)
for a detailed description of the methods used for developing,
screening, and amplifying these markers].
To delineate the local landscapes that individuals were most
likely to encounter while dispersing between any pair of sampling
locations, we used ellipsoids delineated by Abdel Moniem et al.
(2016) based on a correlated random walk approach (Okubo
and Kareiva, 2001; Koh et al., 2013). Successful correlated
random walks (i.e., walks that started at sampling location
i and were able to reach sampling location j using specific
distributions of turning angle, step length, and total number
of steps between sites separated from each other by various
distances) were used to estimate the parameters of an ellipsoid
connecting the two sampling locations. Using these parameters,
we clipped a total of 136 ellipsoids connecting all possible pairs
of sampling locations and quantified the heterogeneity within
each of these local landscapes with the different approaches. As
the response variable, we quantified pairwise genetic distance
between sampling locations with an RST dissimilarity matrix,
following Abdel Moniem et al. (2016). RST accounts for allele size
differences by assuming a stepwise mutation model of marker
evolution (Slatkin, 1995) and was consistently found to be a
better proxy for gene flow for longhorn beetles than Wright’s
F ST (Abdel Moniem et al., 2016). However, because the choice
of the genetic distance may influence the model outputs, we also
tested proportion of shared alleles (DPS ; Bowcock et al., 1994;
Chapuis and Estoup, 2006) as a measure of genetic distance
between sampling sites. DPS relies on the infinite allele model

Frontiers in Genetics | www.frontiersin.org

FIGURE 2 | A map of Indiana showing locations of the study sites on a NLCD
map. NLCD layer was reclassified into three classes of considered land cover;
habitat (all forests), complementary habitat (shrublands, grasslands or
pastures), and non-habitat (remaining land-cover classes). Black circles
indicate sampling locations.

(Nei et al., 1976) and was found to produce lower model fits
based on R2 values, and resulted in slightly different landscape
models’ structure and ranking (see Supplementary Material for
DPS results).

Habitat Suitability Model and Gradient
Surface Metrics
We used the same habitat suitability model surface (HSM;
Figure 3) as Abdel Moniem et al. (2016), which was derived
through a moving-window analysis of six GIS layers that were
chosen to represent both larval and adult biological and physical
requirements: percentage forest, landscape splitting index, NDVI,
digital elevation model, curvature index, and solar insolation.
For each layer, the mean was calculated within a square moving
window with 2.1 km edge length. The first three biological layers
represent forest fragmentation and health and the latter three
geophysical layers describe topography, slope, and insolation,
which may also be important for the species (Abdel Moniem and
Holland, 2013; Abdel Moniem et al., 2016). In this approach,
complementarity was addressed by incorporating the percent
forest and NDVI layers as descriptors of the primary habitat.
Complementary habitat, which consists of open areas with
flowering resources within and around forest, was accounted
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TABLE 1 | Gradient surface metrics (GSM) to describe the landscape
heterogeneity in the context of the habitat suitability model (HSM).
Metric

Aspect of landscape described

Average surface
roughness

Sa

(Non-spatial) landscape diversity

Ten-point height

S10

(Non-spatial) landscape richness

Skewness

Ssk

Skewness of habitat quality values
(patch-based evenness)

Surface area
ratio

Sdr

Ratio between surface area and flat plane
(contrast-weighted edge density).

Dominant texture
direction

Std

Direction of dominant amplitude (landscape
composition and configuration).

Texture direction
index

Stdi

Dominance relative to directions (variability
in distribution and spatial arrangement of
surface heights).

Radial
wavelength index

Srwi

Wavelengths relative to all radial distances
(sensitive to variability in surface heights).

Fractal
dimension

Sfd

Angles of the angular spectrum based on
Fourier analysis (landscape configuration)

Surface bearing
index

Sbi

Measure of landscape dominance (Matrix
and patch distribution in the landscape)

Homer et al., 2015) into three different classes based on the
habitat requirements of the banded longhorn beetle (Abdel
Moniem and Holland, 2013) (Figure 2). We used data from
the 2011 NLCD census since this is the land cover most likely
experienced by the beetle populations sampled for this study. All
forest-related land cover classes were classified as “forest habitat.”
Shrublands, grasslands and pastures in the NLCD were classified
as “complementary habitat,” whereas all remaining land cover
classes were classified as “non-habitat” (we refer to this three-class
classification as PMM3). Additionally, we used an alternative
classification scheme, where we classified all “non-habitat” land
cover classes as missing values coded as ‘NA’ (we refer to this
two-class and NA classification as PMM2). Using R 3.6 (R Core
Team, 2019) and the “landscapemetrics” package (Hesselbarth
et al., 2019), we calculated 28 landscape-level metrics for each of
the 136 ellipsoids, thus describing the composition, configuration
and diversity of land cover classes between any pair of sites. We
removed two metrics (patch richness and relative patch richness)
because their values did not vary among ellipsoids, i.e., all classes
were present in all ellipsoids. For the approach classifying nonhabitat as NA values (PMM2), the interspersion and juxtaposition
index (iji) was also removed because this metric is not defined for
landscapes with less than three land cover classes. Subsequently,
we corrected for metric correlation by removing metrics one after
another, starting with metrics with the highest variance inflation
factor (VIF), until all metrics had a VIF < 10. This resulted in 7
included metrics with PMM3, and 8 with PMM2 (Table 2).

FIGURE 3 | A map of Indiana showing locations of the study sites on a habitat
suitability surface for the banded longhorn beetle (adopted from Abdel
Moniem et al., 2016). Black circles indicate sampling locations.

for with the splitting index, which is an aggregation metric
that describes the degree of subdivision of the landscape
(McGarigal et al., 2009).
Gradient surface metrics describe the continuous, undulating
shape of habitat suitability surfaces, and have been shown to
be informative in describing habitat and predicting gene flow
across the landscape in this system (Abdel Moniem et al.,
2016). Here, we recalculated 10 metrics that were previously
described by Abdel Moniem et al. (2016) to characterize the HSM
surface within each of the 136 ellipsoids (see Abdel Moniem
et al., 2016 for a detailed description of individual metrics and
the methods used to calculate them, and Table 1 for a brief
description of each metric). We removed correlated metrics using
the variance inflation factor until all metrics had a VIF < 10. Only
one metric needed to be removed, resulting in nine remaining
metrics (Table 1).

Resistance-Based Modeling
We used LCP and CD as descriptors within our RBM to evaluate
landscape connectivity between sampling sites. We used the HSM
to calculate a conductance surface, C (Eq. 1).

Patch Mosaic Model and Landscape
Metrics
In order to describe the landscape using the PMM, we reclassified the National Land Cover Database (NLCD 2011;
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C = 1 + H 3 (modified from PK129221)
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TABLE 2 | Landscape metrics used within the context of the patch mosaic model (PMM) to describe the heterogeneity of the intervening landscape between longhorn
beetle sampling sites.
Metric

Abbreviation

Aspect of landscape described

PMM3

PMM2
X

Patch density

pd

Landscape fragmentation

X

Interspersion and juxtaposition index

iji

Intermixing of land cover classes

X

Diversity of land cover classes

X

Shape and area of patches

X

Ratio between patch and core area

X

Aggregation of patches

X

X

Measure of patch structure

X

X

Patch richness density
Mean core area
Mean core area index
Splitting index
Mesh index
Mean patch area

prd
core_mn
cai_mn
split
mesh

X
X

Landscape composition

X

Number of patches

np

Landscape fragmentation

X

Edge density

ed

Landscape configuration

X

area_mn

The symbol ‘X’ indicates metrics included in the analysis, separately for the classifications with three classes (PMM3; treating non-habitat as a class) and two classes
(PMM2; treating non-habitat as missing values, NA).

where C is the conductance and H is the habitat quality
value taken from the HSM. This transformation was applied
to emphasize high habitat quality values and ensure that
conductance in the circuit was large enough to separate
between high current flow compared to low current flow or
bottlenecks in the current density map (Koen et al., 2014).
Note that Eq. 1 results in small contrast between the high and
intermediate values of habitat suitability, and high contrasts
between intermediate and low values of habitat suitability, as
recommended by Keeley et al. (2016).
Least-cost paths model the “expense” of an individual traveling
between any pair of sites as the maximum cumulative sum
of the conductance values C. Commute distances (van Etten,
2017) are calculated as the expected random-walk commute
time between two sites. Both metrics were calculated using
the “gdistance” package (van Etten, 2017) based on the HSM
value (Figure 4).
Lastly, we considered a model of isolation by distance (IBD)
as a null model to compare to the above-mentioned alternative
approaches for quantifying landscape connectivity. This IBD
model used pairwise Euclidean distances between sampling sites
as a single predictor.

spatial independence assumption for all submodels, i.e., model
selection with subsets of the predictors included in the
full model. All models were fitted with the “lme4” package
(Bates et al., 2015) in R.
We started with fitting a full MLPE model for each
modeling approach (GSM, PMM3, PMM2, LCP, CD, and IBD)
incorporating all explanatory variables per approach. We used
MLPE models as Row et al. (2017) found that this method
did not bias model selection toward more complex models
as reported for other distance-based modeling frameworks
(Franckowiak et al., 2017). To select the best model for each
approach, we used model dredging, which considers all possible
submodels of the full model (except for LCP, CD, and IBD
where only one predictor was available). In order to ensure
that model predictors were not collinear, we assessed collinearity
during model selection for each model independently, requiring
pairwise linear correlations r among predictors to be less
than r < 0.6. This ensured a systematic selection of the
best model under each paradigm by considering all possible
combinations of all explanatory variables while addressing
multicollinearity. The best models for the GSM and PMM
approaches were selected as the model, fitted with maximum
likelihood (ML), with the lowest Akaike’s Information Criterion,
AIC (Burnham and Anderson, 2004).
For the best model for each approach, we calculated
marginal and conditional R2 values with the ‘MuMIn’ R
package (Barton, 2009). Marginal R2 values represent the
amount of variation explained by the fixed effects of the
model (Edwards et al., 2008), after accounting for random
factors and based on models refitted with REML. A high
marginal R2 indicates a higher predictive power of the fixed
effects in the model, whereas conditional R2 indicates the total
variance explained by fixed and random factors combined. To
provide an estimate of the pairwise dependency effect within
each model, we calculated Spearman’s rho (ρ) with the “rhoR”
(Eagan et al., 2019) package in R. If rho was zero, we would
not need to include population effects, and the closer rho is
to 1, the more important it is to account for the pairwise
dependency. All R scripts are available at https://zenodo.org/
record/3369727.

Statistical Modeling
We generated MLPE models using pairwise RST as a response
variable and patch metrics (PMM3 or PMM2), surface metrics,
LCP, CD, or Euclidean distance as explanatory variables. MLPE
models (Clarke et al., 2002) include two random effects for
each pairwise distance, one for each sampling location, to
account for the multiple pairwise distances per site (Row
et al., 2017). We used a Box–Cox transformation (Box and
Cox, 1964) on the RST values to normalize residuals and
equalize variance to ensure that we meet statistical assumptions
(Osborne and Carolina, 2010). Explanatory variables met
normality assumptions and were not transformed, but they
were scaled prior to modeling. We conducted a test for
residual spatial autocorrelation for the full MLPE model
for each type of metrics (Jaffé et al., 2019) and found
no significant autocorrelation. Because the same sampling
sites were considered in each submodel, this satisfies the
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FIGURE 4 | Maps of (A) conductance surface across the state of Indiana. (B) Current density map with sampling sites as nodes, and zoomed-in extent of the
southern study sites in Indiana showing: (C) shortest paths of multiple corridors connecting between nodes and (D) the least cost paths plotted on the current
density map.

For the resistance-based approaches, models were
independently run with CD and LCP as the sole explanatory
variables. Both of these models poorly explained the pairwise
genetic differences in the beetle population. However, the CD
model performed better than the LCP model as indicated by the
AIC, and both R2 values (see Table 3).
Finally, distance alone as a predictor in the IBD model was the
least effective in explaining the pairwise genetic differences in the
beetle population among all other modeling approaches except
for LCP (see Table 3).

RESULTS
The GSM models explained the pairwise genetic distances in
the longhorn beetle population more effectively than any of
the other approaches. The best model using surface metrics
within the GSM approach included dominant texture direction
(Std) and texture direction index (Stdi), with AIC = −68.8, a
marginal R2 value of m.R2 = 0.08 and a conditional R2 value of
c.R2 = 0.26. One explanatory variable was included in all of the
top three GSM models; the texture direction index (Stdi). The
top three GSM models had the lowest AIC among all modeling
approaches (Table 3).
Models based on categorical representation of the landscape
(PMM) explained the pairwise genetic distances in the longhorn
beetle population slightly less effective than the GSM. The
best model using landscape metrics within the PMM approach,
based on three classes (PMM3; habitat, complementary habitat,
and non-habitat), included only the splitting index (split) as
explanatory variable, with AIC = −64.5, a marginal R2 value
of m.R2 = 0.05 and a conditional R2 value of c.R2 = 0.21. The
splitting index was included in all of the top three PMM3 models.
The AIC value of the best model for the PMM approach with only
two land cover classes (PMM2; treating non-habitat as missing
values) was similar (AIC = −64.2, m.R2 = 0.07, c.R2 = 0.29),
however, the included metrics differed. The best model included
the mean core area index (cai_mn), patch density (pd), and patch
richness density (prd) (Table 3).

Frontiers in Genetics | www.frontiersin.org

DISCUSSION
Landscape Modeling Paradigms in
Landscape Genetic Studies
This study compared the ability of different approaches to model
habitat heterogeneity and functional connectivity for the banded
longhorn beetle, an arthropod that relies on the proximity of
forest and open habitats. In agreement with our predictions, we
found that conceptually different approaches to model landscape
heterogeneity and connectivity (Figure 1) differed in their ability
to explain the spatial genetic structure of this species. We found
that GSM applied to a continuous HSM were the most effective
at explaining pairwise genetic distances as a proxy for gene flow
across the landscape, followed by landscape metrics calculated
from the discrete PMM, whereas analysis of the HSM with LCP
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TABLE 3 | Summary of the MLPE model outputs for each approach. Only the top three from each multivariate model structure are included.
Approach
GSM

PMM3

PMM2

Explanatory variables

1AIC

AIC

w

m.R2

c.R2

ρ
0.49

RST ∼ Std + Stdi

−68.8

0

0.030

0.08

0.26

RST ∼ Ssk + Std + Stdi

−68.5

−

−

0.09

0.27

−

0.08

0.25

0.003

0.05

0.21

0.06

0.21
0.21

RST ∼ Sfd + Stdi

−68.4

−

RST ∼ split

−64.5

4.3

RST ∼ mesh + split

−63.2

−

−
−

0.05

0.003

0.07

0.29

0.08

0.31
0.35

RST ∼ core_mn + split

−63.0

−

RST ∼ cai_mn + pd + prd

−64.2

4.6

RST ∼ cai_mn + np + pd + prd

−63.5

−

−

0.46

0.48

RST ∼ cai_mn + ed + np + pd + prd

−63.6

−

−

0.11

CD

RST ∼ CD

−61.9

6.9

0.001

0.03

0.23

0.48

IBD

RST ∼ euclidean distance

−60.1

8.7

0.0003

0.005

0.21

0.47

LCP

RST ∼ LCP

−59.8

9.0

0.0003

0.003

0.21

0.48

GSM, gradient surface model; PMM, patch mosaic model with three (PMM3) or two classes (PMM2); CD, commute distance model; IBD, isolation by distance model;
LCP, least cost patch model), sorted by the AIC value of the best model for each approach. The response variable is the pairwise genetic distance (RST ). For more
information about the explanatory variables, see Tables 1, 2. Based on models fitted with maximum likelihood (ML): AIC, Akaike Information Criteria; 1AIC, delta AIC; w,
AIC evidence weights. Based on models fitted with restricted maximum likelihood (REML): m.R, marginal R2 values; c.R2 , conditional R2 values; ρ, Rho, which measures
the strength of the population effects.

(Table 1) can provide a complex characterization of the effect of
landscape heterogeneity on gene flow. This is based on two steps:
building the HSM with patch-based (discrete) and gradientbased (continuous) landscape features, including landscape
complementation, and evaluating them within a biologically
relevant neighborhood (moving window analysis). The surface
metrics then provides a suite of sophisticated measures for
characterizing heterogeneity and spatial gradients in habitat
suitability, including metrics that have no analogs from the PMM
(McGarigal et al., 2009; Abdel Moniem and Holland, 2013). In
this study, GSM models predictively outperformed PMM models.
However, this increased complexity of landscape heterogeneity
quantification comes at the cost of less intuitive interpretation
compared to the PMM approach.
Skewness (Ssk) is an amplitude metric that measures whether
high (peaks) or low (valleys) values of the habitat suitability
surface dominate the landscape. It is an important descriptor of
the degree and nature of land cover dominance in the landscape.
The dominant texture direction (Std) and texture direction index
(Stdi) are important configuration metrics that describe the
orientation of the dominant directionality of habitat suitability
surface in the landscape. These metrics can be informative if
repeated changes in habitat suitability exist in a certain direction.
Habitat features are driven by these landscape textures (Adra
et al., 2013) and they are therefore important in species ecology
and distribution, but the interpretation of these quantities may
not be intuitive. The information on dominant direction of
habitat suitability surface in the landscape is unique to these
two GSM metrics. The surface fractal dimension (Sfd) is a
bearing metric that describes the radial texture of the surface
(angles of peaks) based on Fourier analysis (McGarigal et al.,
2009). Biologically, this could be interpreted as the degree of
complexity of high habitat suitability (surface peaks) spread
measured from the center of a given landscape. Collectively,
the amplitude, configuration, and bearing metrics of GSM are
very powerful descriptors of both spatial and non-spatial aspects

performed worse than the same analysis using CD and a null
model of isolation by distance (IBD).
Modeling landscape resistance to gene flow has become a main
focus of landscape genetic studies (Spear et al., 2010). While
many studies consider alternative resistance values assigned
to discrete landscape features, such as land-use/land-cover
classes, or alternative response functions to continuous variables,
such as slope (Austin, 2002), little attention has been given
to comparing alternative landscape representations and their
impact on our ability to model gene flow in heterogenous
landscapes. Here we used the example of a species that requires
landscape complementation to showcase and compare little-used
alternatives that may be used to represent and integrate multiple
habitat requirements. In this study we demonstrated that for
banded longhorn beetles, gene flow across the landscape was
best explained by a landscape modeling approach that considers
gradients in habitat suitability, rather than discrete patches.
Despite the large conceptual differences, however, the differences
between these two models, as measured by AIC, were small,
especially compared to the much lower performance of RBM and
the null model of IBD. Our results also illustrate that different
genetic distance metrics might influence landscape models’
structure and performance (see Supplementary Material). Thus,
the choice of a reliable genetic distance metric as a proxy of
gene flow in landscape genetic studies is important and has to
be done with insight into relevant evolutionary models of the
molecular marker(s) being used. Yet, comparing the behavior
of different genetic distances in landscape models (e.g., Séré
et al., 2017) remains a topic for investigation that is outside the
scope of this study.

Gradient Surface Metrics (GSM)
We found that the top three gradient surface metrics models
(GSM) had the lowest AIC values overall and therefore, the
GSM approach was the most effective at explaining gene
flow across the landscape for banded longhorn beetles. GSM
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of heterogeneity in the landscape. Yet, the biological relevance
of these GSM metrics is not necessarily easy to conceptually
interpret at the landscape scale and more research on the
behavior of these metrics is required, especially in a landscape
genetics context to further understand their biological and
ecological relevance.
One metric, texture direction index (Stdi), was included
in the top-three GSM models. The texture direction index
describes the spatial structure of the HSM surface as a proportion
of the dominant direction of surface roughness, which is
indicative of changes in habitat suitability in different compass
directions. Although this variable predominantly explains
landscape texture, not habitat, the two are routinely interrelated
(e.g., Adra et al., 2013).
This study used the same HSM as Abdel Moniem et al.
(2016), which integrated multiple discrete and continuous
habitat characteristics in a moving-window analysis. While this
model explicitly considered percent forest, the availability of
complementary, open habitat was not quantified directly, but
subsumed in the landscape splitting index (McGarigal et al., 2009)
which considers all cover types simultaneously. It is possible that
a more explicit quantification of the availability and adjacency of
forest and open habitat could further improve the performance
of our GSM models.

robust toward the definition of land cover classes, or that neither
approach is optimal.
Historically, landscape metrics (reviewed in McGarigal et al.,
2002; Uuemaa et al., 2009) have been developed for a single
cover type (class-level metrics) or for the mosaic of all cover
types present in a map (landscape-level metrics), but not for a
combination of two cover types (complementary habitat types,
such as forest and open land) embedded among other types (nonhabitat). This may have led to a trade-off between our PMM3
and PMM2 models, where neither is optimally suited to capture
landscape complementation. For instance, the interspersion and
juxtaposition index measure the “intermixing of land cover
classes” (Table 2; McGarigal et al., 2002; Hesselbarth et al.,
2019) and thus, biologically, seems ideal for quantifying the
proximity of forest and open cover types, the two complementary
habitat types used by banded longhorn beetles. In the PMM3
model, however, the index does not distinguish between the
interspersion of forest with open habitat and of forest with nonhabitat or open habitat with non-habitat. It is logical to address
this by coding non-habitat as missing values, however, then the
index can no longer be calculated. This highlights the need
for developing landscape metrics that can specifically address
landscape complementation.

Landscape Metrics and the PMM

The RBM (LCP and CD) performed much worse than the
GSM and PMM models. This seems intuitive since RBM reduce
all information describing habitat heterogeneity and landscape
complexity into a single metric (LCP or CD). Thus, these models
might be suboptimal for describing landscape complementation
in complex landscape compared to the GSM and the PMM.
LCP and CD models are routinely and successfully applied
to modeling gene flow across heterogeneous landscapes (e.g.,
Wang et al., 2009). While the use of a HSM to derive a
resistance or conductance surface is not new (McRae, 2006;
McRae et al., 2008), it differs from the more commonly used
assignment of resistance values to landscape features, such as
discrete cover types, and we cannot exclude the possibility
that a different assignment of resistance values would improve
the performance of LCP or CD models. It is also important
to realize that habitat suitability does not always indicate
the degree of landscape permeability to dispersal because the
movement of organisms in the landscape is different than habitat
selection (Mateo-Sánchez et al., 2015). Therefore, incorporating
reciprocal causal models in a multi-model framework rather
than just direct conversion of habitat suitability values may
be warranted. Strikingly, CD explained 3% of genetic variation
in banded longhorn beetles, which is considerably less than
the best GSM or PMM models but much better than the
LCP or the null model of IBD, which explained 0.3 and
0.5%, respectively. The genetic signal explained by CD suggests
that the HSM had some validity as a representation of
resistance to gene flow in banded longhorn beetles. Future
research should explore to what degree the relatively low
performance of LCP or CD, as applied to a HSM based on
moving window analysis, can be generalized to other systems.
Further research should also test for the effect of alternative

Resistance-Based Models (LCP and CD)

The best PMM models performed almost equally as well as
the best GSM models. Despite a lower model AIC score, the
PMM may have an interpretational advantage over the GSM.
The biological meaning of specific landscape metrics in the
PMM approach (e.g., intermixing of land cover classes) is easier
to interpret than the properties of a habitat suitability surface
represented by GSM in a GSM approach (e.g., surface roughness).
For instance, the top three PMM3 models all included the
splitting index. Note that for the PMM3 model, the index was
calculated as a single value for each ellipsoid, whereas for the
HSM used above, a separate value of the index was calculated
within a moving window centered around each grid cell, and
the gradient in the local aggregation of patches measured by
this index surface was combined with other variables into
the HSM. The GSM then characterized the properties of this
combined surface. In contrast, the interpretation of a single value
for the splitting index for PMM3 per ellipsoid is much more
direct and intuitive.
Models using discrete landscape metrics may be valuable for
species that require landscape complementation, especially in
landscapes dominated by human influence that are quite well
described by a patch mosaic. Interestingly, AIC values were
similar between a classification scheme in which non-habitat
for the banded longhorn beetle was classified as a third cover
class (PMM3) compared to a classification scheme in which
non-habitat was classified as missing values (PMM2). The latter
resulted in a considerably higher explanatory power (values for
marginal and conditional R2 ). However, the top PMM2 models
also had more predictors than the top PMM3 model, resulting
in the best-ranked PMM model being PMM3 with a single
predictor. This may suggest that the PMM approach is quite
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Dryad repository http://datadryad.org/review?doi=doi:10.5061/
dryad.g5065. Additionally, all R scripts and PMM data for the
statistical analysis can be found at https://zenodo.org/record/
3369727.

scaling, e.g., by using a genetic algorithm to optimize the
scaling function used to translate habitat suitability values
into conductance or resistance values (e.g., “ResistanceGA”;
Peterman, 2018).
The poor performance of the IBD model, which does
not rely on assumptions about resistance values, suggests
that in this system, environmental heterogeneity is more
important than distance alone in explaining gene flow,
and that ‘ecological distance’ (or isolation by resistance,
IBR) as experienced by banded longhorn beetles is not
confounded with geographic distance (IBD). Note that
we did not consider an isolation by environment (IBE)
model in this study as we focused on the quantification
of habitat heterogeneity of the intervening landscape
between sites. In contrast, IBE models focus more on site
specific environmental and ecological descriptors to model
genetic structure independently from geographic distance
or the nature of the intervening landscapes between sites
(Wang and Bradburd, 2014).
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landscape data, and the resolution of genetic data, continues
to improve it seems plausible that gradient surface models
will continue to outperform PMMs or RBM especially in
complex heterogenous landscapes. However, other modeling
approaches might be more relevant when human footprints
lead to patchy landscapes with more features and sharp
edges (e.g., in agroecosystems: Weibull et al., 2003; Mandelik
et al., 2012). In the interim, case studies, such as the one
presented here, continue to be important for understanding
and describing complex landscape heterogeneity, and for testing
the efficacy of species-specific models for landscape genetics
analyses. Our findings can inform future studies that seek to
model habitat connectivity in complex heterogeneous landscapes
as natural habitats continue to become more fragmented in
the Anthropocene.

HA was supported by the Center for Urban Environments
Postdoctoral fellowship fund, University of Toronto, Mississauga,
ON, Canada. MH was supported by the German Research
Association (DFG) Research Training Group 1644 “Scaling
Problems in Statistics,” grant number 152112243. AF was
supported by the Cooperative State Research, Education, and
Extension Service, USDA, project number ILLU 875–952. AP
was supported by a Strategic Environmental Research and
Development Program (SERDP) Grant, grant number GR07173.
HW holds a Discovery Grant from the Natural Sciences
and Engineering Research Council of Canada (NSERC). We
acknowledge support by the German Research Foundation
and the Open Access Publication Funds of the University
of Göttingen.

ACKNOWLEDGMENTS
We thank coordinators and organizers of the online
Landscape Genetics – Distributed Graduate Seminar
(DGS) for facilitating this networking opportunity
between the students’ team and the supervisors on this
group project. Also, we thank Jeffrey D. Holland for
his help and guidance on the study design during the
initial group meetings initial group meetings and specimens
collections and GIS data managment. We thank Brandi
Schemerhorn for her help and support with the molecular
lab work.

SUPPLEMENTARY MATERIAL
DATA AVAILABILITY STATEMENT
The Supplementary Material for this article can be found online
at:
https://www.frontiersin.org/articles/10.3389/fgene.2020.
00307/full#supplementary-material

Sampled landscapes, surface metrics, and microsatellite genotype
datasets analyzed during the current study are available in the

Frontiers in Genetics | www.frontiersin.org

10

March 2020 | Volume 11 | Article 307

Borthwick et al.

Landscape Complementation and Gene Flow

REFERENCES

Edwards, L. J., Muller, K. E., Wolfinger, R. D., Qaqish, B. F., and Schabenberger, O.
(2008). An R2 statistic for fixed effects in the linear mixed model. Stat. Med. 27,
6137–6157. doi: 10.1002/sim.3429
Ellis, E. C., Antill, E. C., and Kreft, H. (2012). All is not loss: plant biodiversity in
the Anthropocene. PLoS One 7:e30535. doi: 10.1371/journal.pone.0030535
Fortin, M.-J., Olson, R. J., Ferson, S., Iverson, L., Hunsaker, C., Edwards, G., et al.
(2000). Issues related to the detection of boundaries. Landsc. Ecol. 15, 453–466.
doi: 10.1023/A:1008194205292
Fourcade, Y., Ranius, T., and Öckinger, E. (2017). Temperature drives abundance
fluctuations, but spatial dynamics is constrained by landscape configuration:
implications for climate−driven range shift in a butterfly. J. Anim. Ecol. 86,
1339–1351. doi: 10.1111/1365-2656.12740
Franckowiak, R. P., Panasci, M., Jarvis, K. J., Acuña-Rodriguez, I. S., Landguth,
E. L., Fortin, M. J., et al. (2017). Model selection with multiple regression on
distance matrices leads to incorrect inferences. PLoS One 12:e0175194. doi:
10.1371/journal.pone.0175194
Hesselbarth, M. H. K., Sciaini, M., With, K. A., Wiegand, K., and Nowosad,
J. (2019). landscapemetrics : an open−source R tool to calculate landscape
metrics. Ecography 42, 1648–1657. doi: 10.1111/ecog.04617
Hobbs, R. J., Higgs, E., and Harris, J. A. (2009). Novel ecosystems: implications for
conservation and restoration. Trends Ecol. Evol. 24, 599–605. doi: 10.1016/j.tree.
2009.05.012
Homer, C., Dewitz, J., Yang, L., Jin, S., Danielson, P., Xian, G., et al. (2015).
Completion of the 2011 National Land Cover Database for the conterminous
United States–representing a decade of land cover change information.
Photogramm. Eng. Remote Sens. 81, 345–354.
Jaffé, R., Veiga, J. C., Pope, N. S., Lanes, ÉC. M., Carvalho, C. S., Alves, R., et al.
(2019). Landscape genomics to the rescue of a tropical bee threatened by habitat
loss and climate change. Evol. Appl. 12, 1164–1177. doi: 10.1111/eva.12794
Jeltsch, F., Weber, G. E., Dean, W. R. J., and Milton, S. J. (1970). Disturbances in
savanna ecosystems: modelling the impact of a key determinant. WIT Trans.
Ecol. Environ. 22:10.
Keeley, A. T. H., Beier, P., and Gagnon, J. W. (2016). Estimating landscape
resistance from habitat suitability: effects of data source and nonlinearities.
Landsc. Ecol. 31, 2151–2162. doi: 10.1007/s10980-016-0387-5
Koen, E. L., Bowman, J., Sadowski, C., and Walpole, A. A. (2014). Landscape
connectivity for wildlife: development and validation of multispecies linkage
maps. Methods Ecol. Evol. 5, 626–633. doi: 10.1111/2041-210X.12197
Koh, I., Rowe, H. I., and Holland, J. D. (2013). Graph and circuit theory
connectivity models of conservation biological control agents. Ecol. Appl. 23,
1554–1573. doi: 10.1890/12-1595.1
Lee, S. Y., Dunn, R. J. K., Young, R. A., Connolly, R. M., Dale, P. E. R., Dehayr, R.,
et al. (2006). Impact of urbanization on coastal wetland structure and function.
Austral Ecol. 31, 149–163. doi: 10.1111/j.1442-9993.2006.01581.x
Lindenmayer, D., and Fischer, J. (2007). Landscape modification and habitat
fragmentation: a synthesis. Glob. Ecol. Biogeogr. 16, 265–280. doi: 10.1111/j.
1466-8238.2006.00287.x
Linsley, E. G. (1959). Ecology of cerambycidae. Annu. Rev. Entomol. 4, 99–138.
doi: 10.1146/annurev.en.04.010159.000531
Mandelik, Y., Winfree, R., Neeson, T., and Kremen, C. (2012). Complementary
habitat use by wild bees in agro−natural landscapes. Ecol. Appl. 22, 1535–1546.
doi: 10.1890/11-1299.1
Manning, A. D., Lindenmayer, D. B., and Nix, H. A. (2004). Continua and Umwelt:
novel perspectives on viewing landscapes. Oikos 104, 621–628. doi: 10.1111/j.
0030-1299.2004.12813.x
Mateo-Sánchez, M. C., Balkenhol, N., Cushman, S., Pérez, T., Domínguez,
A., and Saura, S. (2015). A comparative framework to infer landscape
effects on population genetic structure: are habitat suitability models effective
in explaining gene flow? Landsc. Ecol. 30, 1405–1420. doi: 10.1093/oso/
9780198838388.003.0009
McGarigal, K., Cushman, S. A., Neel, M. C., and Ene, E. (2002). FRAGSTATS:
Spatial Pattern Analysis Program for Categorical Maps. Computer
Software Program Produced by the Authors. Available online at:
http://www.umass.edu/landeco/research/fragstats/fragstats.html
(accessed
December 16, 2019).
McGarigal, K., Tagil, S., and Cushman, S. A. (2009). Surface metrics: an alternative
to patch metrics for the quantification of landscape structure. Landsc. Ecol. 24,
433–450. doi: 10.1007/s10980-009-9327-y

Abdel Moniem, H. E. M., and Holland, J. D. (2013). Habitat connectivity for
pollinator beetles using surface metrics. Landsc. Ecol. 28, 1251–1267. doi: 10.
1007/s10980-013-9886-9
Abdel Moniem, H. E. M., Schemerhorn, B. J., DeWoody, J. A., and Holland,
J. D. (2016). Landscape genetics of a pollinator longhorn beetle [Typocerus v.
velutinus (Olivier)] on a continuous habitat surface. Mol. Ecol. 25, 5015–5028.
doi: 10.1111/mec.13819
Adra, W., Delcros, P., and Luque, S. (2013). Landscape structure indicators as a key
feature in habitat selection: an operational approach to conservation planning.
J. Biodivers. Endanger. Species 1:107.
Adriaensen, F., Chardon, J. P., De Blust, G., Swinnen, E., Villalba, S., Gulinck, H.,
et al. (2003). The application of “least-cost” modelling as a functional landscape
model. Landsc. Urban Plan. 64, 233–247. doi: 10.1016/S0169-2046(02)00242-6
Austin, M. P. (2002). Spatial prediction of species distribution: an interface between
ecological theory and statistical modelling. Ecol. Modell. 157, 101–118. doi:
10.1016/s0304-3800(02)00205-3
Barton, K. (2009). MuMIn: Multi-Model Inference. R package version 1. 0.0.
Available online at: https://CRAN.R-project.org/package=MuMIn (accessed
December 16, 2019).
Bates, D., Maechler, M., Bolker, B., Walker, S., Christensen, R. H. B., Singmann, H.,
et al. (2015). Package ‘lme4’: Linear Mixed-Effects Models using ‘Eigen’ and S4.
Convergence 12.
Birkhofer, K., Smith, H. G., Weisser, W. W., Wolters, V., and Gossner,
M. M. (2015). Land-use effects on the functional distinctness of arthropod
communities. Ecography 38, 889–900. doi: 10.1111/ecog.01141
Bowcock, A. M., Ruiz-Linares, A., Tomfohrde, J., Minch, E., Kidd, J. R., and
Cavalli-Sforza, L. L. (1994). High resolution of human evolutionary trees with
polymorphic microsatellites. Nature. 368, 455–457. doi: 10.1038/368455a0
Box, G. E. P., and Cox, D. R. (1964). An analysis of transformations. J. R. Stat. Soc.
Ser. B 26, 211–243.
Burnham, K. P., and Anderson, D. R. (2004). Multimodel inference: understanding
AIC and BIC in model selection. Sociol. Methods Res. 33, 261–304. doi: 10.1177/
0049124104268644
Calinger, K. M. (2015). The Anthropocene in North Central North America: Impacts
of Climate Change and Alteration of the Landscape on Phenology and Species
Persistence in Ohio. Ph.D. thesis, Ohio State University, Columbus, OH.
Carrara, E., Arroyo-Rodríguez, V., Vega-Rivera, J. H., Schondube, J. E., de Freitas,
S. M., and Fahrig, L. (2015). Impact of landscape composition and configuration
on forest specialist and generalist bird species in the fragmented Lacandona
rainforest, Mexico. Biol. Conserv. 184, 117–126. doi: 10.1016/j.biocon.2015.
01.014
Chapuis, M., and Estoup, A. (2006). Microsatellite null alleles and estimation of
population differentiation. Mol. Biol. Evol. 24, 621–631. doi: 10.1093/molbev/
msl191
Clarke, R. T., Rothery, P., and Raybould, A. F. (2002). Confidence limits
for regression relationships between distance matrices: estimating gene flow
with distance. J. Agric. Biol. Environ. Stat. 7:361. doi: 10.1198/10857110
2320
Davey, J. W., Hohenlohe, P. A., Etter, P. D., Boone, J. Q., Catchen, J. M., and
Blaxter, M. L. (2011). Genome-wide genetic marker discovery and genotyping
using next-generation sequencing. Nat. Rev. Genet. 12, 499–510. doi: 10.1038/
nrg3012
Décamps, H., and Naiman, R. J. (1990). The Ecology and Management of AquaticTerrestrial Ecotones. Boca Raton, FL: CRC Press.
DeFries, R. S., Foley, J. A., and Asner, G. P. (2004). Land−use choices: balancing
human needs and ecosystem function. Front. Ecol. Environ. 2:249–257.
Dickson, B. G., Albano, C. M., McRae, B. H., Anderson, J. J., Theobald, D. M.,
Zachmann, L. J., et al. (2017). Informing strategic efforts to expand and
connect protected areas using a model of ecological flow, with application
to the western United states. Conserv. Lett. 10, 564–571. doi: 10.1111/conl.
12322
Dunning, J. B., Danielson, B. J., and Pulliam, H. R. (1992). Ecological processes that
affect populations in complex landscapes. Oikos 65, 169–175.
Eagan, B., Rogers, B., Pozen, R., Marquart, C. L., and Williamson Shaffer, D. (2019).
rhoR: Rho for Inter Rater Reliability. R package version 1.3.0.0. Available online
at: https://CRAN.R-project.org/package=rhoR (accessed December 16, 2019).

Frontiers in Genetics | www.frontiersin.org

11

March 2020 | Volume 11 | Article 307

Borthwick et al.

Landscape Complementation and Gene Flow

McIntyre, S., and Barrett, G. W. (1992). Habitat variegation, an alternative
to fragmentation. Conserv. Biol. 6, 146–147. doi: 10.1046/j.1523-1739.1992.
610146.x
McRae, B. H. (2006). Isolation by resistance. Evolution 60, 1551–1561. doi: 10.
1111/j.0014-3820.2006.tb00500.x
McRae, B. H., Dickson, B. G., Keitt, T. H., and Shah, V. B. (2008). Using circuit
theory to model connectivity in ecology, evolution, and conservation. Ecology
89, 2712–2724. doi: 10.1890/07-1861.1
Nei, M., Chakraborty, R., and Fuerst, P. A. (1976). Infinite allele model with varying
mutation rate. Proc. Natl. Acad. Sci. U.S.A. 73, 4164–4168. doi: 10.1073/pnas.73.
11.4164
Okubo, A., and Kareiva, P. (2001). “Some examples of animal diffusion,” in
Diffusion and Ecological Problems: Modern Perspectives, eds Antman S. S,
Marsden J. E, Sirovich L, and Wiggins S (New York, NY: Springer), 170–196.
doi: 10.1007/978-1-4757-4978-6_6
Osborne, J. W., and Carolina, N. (2010). Improving your data transformations:
applying the Box-Cox transformation. Pract. Assess. Res. Eval. 15:12. doi: 10.
1002/aqc.699
Pepper, I. L., Gerba, C. P., and Gentry, T. J. (2015). “Global emerging microbial
issues in the Anthropocene Era,” in Environmental Microbiology, eds Pepper,
I. L, Gerba, C. P, and Gentry, T. J. (Amsterdam: Elsevier), 677–688. doi: 10.
1016/b978-0-12-394626-3.00031-4
Peterman, W. E. (2018). ResistanceGA: an R package for the optimization of
resistance surfaces using genetic algorithms. Methods Ecol. Evol. 9, 1638–1647.
doi: 10.1111/2041-210X.12984
Pope, S. E., Fahrig, L., and Merriam, H. G. (2000). Landscape complementation
and metapopulation effects on leopard frog populations. Ecology 81, 2498–2508.
doi: 10.1890/0012-9658(2000)081%5B2498:lcameo%5D2.0.co;2
Pringle, C. M., Naiman, R. J., Bretschko, G., Karr, J. R., Oswood, M. W., Webster,
J. R., et al. (1988). Patch dynamics in lotic systems: the stream as a mosaic.
J. North Am. Benthol. Soc. 7, 503–524. doi: 10.2307/1467303
R Core Team, (2019). R: A Language and Environment for Statistical Computing.
Vienna: Foundation for Statistical Computing.
Row, J. R., Knick, S. T., Oyler−McCance, S. J., Lougheed, S. C., and Fedy, B. C.
(2017). Developing approaches for linear mixed modeling in landscape genetics
through landscape−directed dispersal simulations. Ecol. Evol. 7, 3751–3761.
doi: 10.1002/ece3.2825
Séré, M., Thévenon, S., Belem, A., and De Meeûs, T. (2017). Comparison of
different genetic distances to test isolation by distance between populations.
Heredity 119, 55–63. doi: 10.1038/hdy.2017.26
Shah, V. B., and McRae, B. H. (2008). Circuitscape: a tool for landscape ecology. in
Proceedings of the 7th Python in Science Conference SciPy 2008, Pasadena, CA:
62–66.

Frontiers in Genetics | www.frontiersin.org

Shendure, J., and Aiden, E. L. (2012). The expanding scope of DNA sequencing.
Nat. Biotechnol. 30, 1084–1094. doi: 10.1038/nbt.2421
Slatkin, M. (1995). A measure of population subdivision based on microsatellite
allele frequencies. Genetics 139, 457–462.
Spear, S. F., Balkenhol, N., Fortin, M. J., McRae, B. H., and Scribner, K. (2010).
Use of resistance surfaces for landscape genetic studies: considerations for
parameterization and analysis. Mol. Ecol. 19, 3576–3591. doi: 10.1111/j.1365294X.2010.04657.x
Stewart, B. P., Nelson, T. A., Laberee, K., Nielsen, S. E., Wulder, M. A.,
and Stenhouse, G. (2013). Quantifying grizzly bear selection of natural and
anthropogenic edges. J. Wildl. Manage. 77, 957–964. doi: 10.1002/jwmg.535
Storfer, A., Murphy, M. A., Evans, J. S., Goldberg, C. S., Robinson, S., Spear, S. F.,
et al. (2007). Putting the ‘landscape’in landscape genetics. Heredity (Edinb). 98,
128–142.
Uuemaa, E., Antrop, M., Roosaare, J., Marja, R., and Mander, Ü (2009). Landscape
metrics and indices: an overview of their use in landscape research. Living Rev.
Landsc. Res. 3, 1–28.
van Etten, J. (2017). R Package gdistance : distances and routes on geographical
grids. J. Stat. Softw. 76: v076i13. doi: 10.18637/jss.v076.i13
Wang, I. J., and Bradburd, G. S. (2014). Isolation by environment. Mol. Ecol. 23,
5649–5662. doi: 10.1111/mec.12938
Wang, I. J., Savage, W. K., and Bradley Shaffer, H. (2009). Landscape genetics and
least-cost path analysis reveal unexpected dispersal routes in the California
tiger salamander (Ambystoma californiense). Mol. Ecol. 18, 1365–1374. doi:
10.1111/j.1365-294X.2009.04122.x
Weibull, A. C., Östman, Ö, and Granqvist, Å (2003). Species richness in
agroecosystems: the effect of landscape, habitat and farm management.
Biodivers. Conserv. 12, 1335–1355. doi: 10.1098/rspb.2015.0299
Zerboni, A., and Nicoll, K. (2019). Enhanced zoogeomorphological processes
in North Africa in the human-impacted landscapes of the Anthropocene.
Geomorphology 331, 22–35. doi: 10.1016/j.geomorph.2018.10.011
Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.
Copyright © 2020 Borthwick, de Flamingh, Hesselbarth, Parandhaman, Wagner
and Abdel Moniem. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) and the
copyright owner(s) are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.

12

March 2020 | Volume 11 | Article 307

