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Landscapes may resist gene flow and thereby give rise to a pattern of genetic isolation within a population. The mechanism by
which a landscape resists gene flow can be inferred by evaluating the relationship between landscape models and an observed
pattern of genetic isolation. This approach risks false inferences because researchers can never feasibly test all plausible alternative
hypotheses. In this paper, rather than infer the process of gene flow from an observed genetic pattern, we simulate gene flow and
determine if the simulated genetic pattern is related to the observed empirical genetic pattern. This is a form of inverse modeling
and can be used to independently validate a landscape genetic model. In this study, we used this approach to validate a model
of landscape resistance based on elevation, landcover, and roads that was previously related to genetic isolation among mountain
goats (Oreamnos americanus) inhabiting the Cascade Range, Washington (USA). The strong relationship between the empirical
and simulated patterns of genetic isolation we observed provides independent validation of the resistance model and demonstrates
the utility of this approach in supporting landscape genetic inferences.

1. Introduction

Landscapes influence mating probabilities within a popula-
tion by resisting the movement of breeding individuals or
their propagules [1]. This influence can have profound effects
on population viability. In particular, permeable landscapes
favor the formation of large breeding pools, increasing the
local effective population size, potentially boosting demo-
graphic rates, improving mate choice, and increasing allelic
diversity [2]. Conversely, in vast, highly resistive, or frag-
mented landscapes, smaller, more isolated breeding pools
limit the local effective population size, potentially diminish-
ing demographic rates, reducing mate choice, and preventing
the influx of new genetic variation [3, 4]. Such populations
face greater risk of decline and extirpation due to a combina-
tion of demographic and genetic factors, including potential
Allee effects [5], stochastic environmental fluctuations [6],
random fixation of deleterious recessive alleles [7], inbreed-
ing depression [8–12], and in the long-term, lack of adaptive
potential in a changing environment [13].

These demographic and genetic threats to population
persistence suggest the most viable populations, all other
factors being equal, would exist in landscapes that permit
all individuals to freely interbreed. Panmictic populations are
probably rare in the wild, however [14, 15]. More commonly,
populations exhibit substructure arising from one of several
mechanisms that cause genetic isolation. Isolation by barrier
(IBB), for example, occurs when strong migration barriers
(e.g., major roads) sharply reduce gene flow, generally over a
relatively small geographic extent [16]. Alternatively, genetic
isolation can accrue as a function of distance (isolation by
distance or IBD), particularly for species with migration
rates relatively unaffected by landscape heterogeneity [17].
For species whose dispersal is sensitive to landscape hetero-
geneity (owing to environmental gradients such as elevation,
landcover, climate, slope), isolation by landscape resistance
(IBR) may be observed [18]. Each of these modes of genetic
isolation has the potential to reduce population viability
due to demographic and genetic factors, particularly when
barrier effects are strong, the distance between individuals
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or subpopulations is large relative to dispersal capability, or
landscape resistance is high.

For populations threatened by connectivity issues, the
particular mechanism of genetic isolation responsible for the
reduced connectivity bears strongly on the appropriate con-
servation responses. Mitigation efforts for populations iso-
lated by barriers, for example, might focus on barrier cross-
ing structures [19]. For populations isolated by distance, the
focus might be on establishing stepping stone populations to
reduce distances between breeding individuals [20]. Among
populations isolated by landscape resistance gradients, it may
be possible to reduce the resistance of some landscape fea-
tures or link habitat areas by establishing or protecting low
resistance movement corridors [21, 22].

Despite the importance of understanding the mechanism
of genetic isolation to the management of populations
threatened by poor connectivity, few studies rigorously eval-
uate the relative support for a range of plausible hypotheses.
Observing a correlation between a landscape model and a
genetic pattern and inferring causation is dangerous because
of the potential for spurious correlations between the model
under evaluation and an untested alternative but causal
model [23]. To reduce the risk of false inferences, some recent
landscape genetics studies [24, 25] have used partial Mantel’s
tests [26] to rigorously evaluate the relative support for a
range of hypotheses related to IBD, IBB, and IBR. While this
approach decreases the potential for false inference, in reality,
the full range of possibility can never be tested. As such, the
risk of false inference is always present.

In contrast to approaches that correlate landscape genetic
models with patterns of genetic isolation, population genetic
simulations allow the researcher to specify the landscape and
demographic factors that govern gene flow and then deter-
mine if the simulated pattern of genetic isolation that arises
matches the empirical pattern of isolation (as measured by
inter-individual genetic distances). Simulations are powerful
tools in landscape genetics [27–29], yet to-date they have
not been used to in conjunction with empirical landscape
genetic models as a means to reduce the potential for false
inferences. Though matching simulated genetic patterns to
empirical patterns is also subject to false inferences, error in
simulations is largely independent of error in the empirical
analysis approach. Thus, analysis using both methods on the
same data would represent a more robust means of landscape
genetic inference.

As an example of this concept, consider a mountainous
landscape with major highways in some, but not all, low ele-
vation valleys. The primary determinant of genetic isolation
in this landscape for the species under study is related to
the barrier effect of highways, not elevation per se. If one
models resistance in this landscape based only on elevation,
the conclusion would likely be that low elevation is a barrier
to gene flow which fragments the study area into genetically
isolated subpopulations. This false inference would be made
because the model is spuriously correlated to the true driver
of genetic isolation. If one were to simulate gene flow on
this landscape based on assigning high resistance to low
elevation, the resulting pattern of genetic isolation would
likely be a poor fit to the empirical pattern, because in reality,

gene flow would cross low elevation valleys without roads
and greatly reduce genetic differentiation across the study
area, depending on the configuration of the landscape. In this
way, simulation may be used to validate empirical landscape
genetic analysis.

In this study, we coupled the empirical correlative ap-
proach that predominates in the field of landscape genetics
today with landscape genetic simulations. Previously, we
identified a spatial model of landscape resistance (X) among
mountain goats in the Cascade Range, Washington, USA,
that was most related to the observed pattern of genetic
isolation (Y) relative to a range of alternative landscape mod-
els [25]. Here, we test the validity of this model by simulating
the process of gene flow on landscape X and determine if
the observed empirical pattern of genetic isolation Y match-
es the simulated pattern of genetic isolation Y′. If the land-
scape resistance model is robust, simulated gene flow on the
landscape should result in a genetic pattern similar to the
real population, and using partial regression methods to
account for the effect of alternative landscape models should
not significantly decrease that relationship. The added rigor
of this approach reduces the potential for false inferences and
thereby affords greater confidence in the accuracy of land-
scape models. This approach is particularly valuable when
applied to landscape models that will be used to inform
conservation efforts, where managers can ill afford to waste
limited resources and the consequences of management ac-
tion based on false inferences may actually reduce population
viability.

2. Methods

2.1. Study Area. The study area included approximately
36,500 km2 of the Cascade Range of Washington State, USA,
extending along a north-south axis 315 km from Mount
Adams in the south to the Canadian border in the north
(Figure 1). The landscape is mostly mountainous and cov-
ered with montane forests, except at high elevations, where
subalpine parkland, rocky alpine summits, and glaciers pre-
dominate. Elevation varies from near-sea level to almost
4,400 m. A major transportation corridor, Interstate 90 (I90),
crosses the study area on an east-west axis roughly in the cen-
ter of the range. In addition, three state highways run east-
west across the range (two north and one south of I90) and
numerous other highways and secondary roads intrude to-
wards the crest from lower elevation valleys.

2.2. Landscape Model (X). We previously identified a spatial
model of landscape resistance (i.e., a resistance surface; [30])
based on suboptimal elevation, landcover, and the presence
of roads as the most related to genetic isolation among
mountain goats within the study area [25]. This isolation
by resistance (IBR) model is represented as a raster where
each grid cell is assigned a resistance to gene flow. We used
the ArcGIS COSTDISTANCE function to calculate a matrix
of the pairwise landscape distances (accumulated least-
cost-path) between all simulated mountain goat locations
based on the resistance values of this model. These pairwise
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Figure 1: The study area in Washington State (USA) is depicted, with the elevation (m) shown in grayscale, as well as occupied habitat
(crosshatched areas), genetic sample locations (black triangles), and Interstate 90 (thick black line).

landscape distances were then used to specify dispersal and
mating probabilities in the simulations described below.

In addition to the IBR model, we evaluated the relative
support for two alternative landscape models. We formed
an isolation by distance model (IBD) based on the pairwise
Euclidean distance between all simulated individuals. We also
formed an isolation by barrier model based on the assump-
tion that I90 was a complete barrier to gene flow in an other-
wise panmictic population. Thus, in the barrier model, pair-
wise landscape distances between individuals on the same
side of I90 were set to zero and landscape distances spanning
I90 were set to infinity.

2.3. Observed Genetic Distance (Y). We previously collected
147 genetic samples from mountain goats throughout the

study area and genotyped them at 18 microsatellite loci [25].
We excluded 14 of these genotypes from further analysis
based on their apparent admixture with nonnative mountain
goats translocated to the Cascade Range in the 1980s, as
previously reported [25]. From these genotypes, we calcu-
lated a matrix of pairwise genetic distances between all in-
dividuals based on the distance along the first principal
components axis [31, 32] using R 2.10 (R Development Core
Team 2009).

2.4. Simulated Genetic Distance (Y
′
). We used CDPOP ver-

sion 0.84 [33] to simulate 1500 generations (∼ six years per
generation) of mountain goat gene flow on the three land-
scape models described above (IBB, IBD, and IBR). The first
1000 generations represent the latter part of the Holocene
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prior to the wide-scale anthropogenic landscape changes of
the modern era. This lengthy “burn-in” period allowed for
the simulated population to reach genetic equilibrium prior
to modern day landscape changes. After generation 1000, the
simulations represent the modern time period leading up to
the present day at generation 1020. We also simulated future
generations, up to 1500.

CDPOP is an individual-based spatially explicit popu-
lation genetic simulator. The program tracks alleles across
individuals over time based on dispersal and mating. Dis-
persal and mating probabilities in CDPOP are governed by
the pairwise landscape distances (least-cost-path) between
individuals given a landscape model resistance surface (X).
We performed 100 Monte Carlo iterations per simulation.
Each simulation tracked 18 loci with 10 alleles per locus
randomly assigned to the first generation (the same number
of loci used in [25]). We set the mutation rate to 0.0005
based on a k-allele model. We specified mating to be sexual
with nonoverlapping generations, diploid individuals, and
an equal sex ratio at birth. For each simulation, we used a
constant population size of 2392 mountain goats (the current
estimated population size, Washington Department of Fish
and Wildlife, unpublished data) inhabiting the study area.
Initial conditions included random starting allele frequencies
and 10 alleles per locus. Starting locations were based on the
sampling locations of the 135 mountain goats genotyped in
Shirk et al. [25] or, for the remaining 2257 goats, locations
were randomly assigned within blocks of known habitat,
each of which was associated with a current population
estimate (based on WDFW survey data, unpublished).

In the first 1000 generations of the IBB simulation,
mating was random (i.e., a panmictic population). For the
last 500 generations, we stipulated that I90 fragmented the
population into north and south Cascade subpopulations
(NOCA and SOCA, resp., Figure 1), with random mating
within each subpopulation but no mating between subpop-
ulations. This definition of subpopulations was based on the
previously reported identification of two genetic clusters [25]
using the STRUCTURE algorithm [34]. Further subdivision
of the north and south Cascade subpopulations was not
supported by STRUCTURE [25].

We simulated IBD by relating mating probability to the
inverse square of the Euclidean distance between individuals.
This mating probability was constant during all 1500 gener-
ations of the simulation.

We simulated IBR by relating mating probability to the
inverse square of the accumulated-least cost path distance
between individuals based on the resistance surface identified
in Shirk et al. [25] as most related to the population’s genetic
isolation. During the first 1000 generations, we modified
this resistance surface by removing all additional resistance
due to anthropogenic landscape features, including roads,
urban areas, agriculture, and large reservoirs. During the last
500 generations, we used the original modern era resistance
surface.

For each simulated generation, we calculated the PCA-
based genetic distance (Y′; as described above) between the
135 simulated mountain goats whose locations matched the
sampled goats from the actual population.

2.5. Causal Modeling. We employed a simple Mantel test [35]
within the R package “ecodist” [36] to ascertain the conver-
gence between simulated genetic distance (Y′) and the actual
genetic distance (Y) for each Monte Carlo iteration across
1500 generations. To potentially identify a causal model
among competing alternative models, we also employed par-
tial Mantel’s tests [26] as implemented in the R package
“ecodist.” Partial Mantel’s tests control for the variance ex-
plained by alternative landscape hypotheses when evaluating
the relationship between Y and Y′. If little or no relationship
exists between Y and Y′ after partialling out a competing
alternative hypothesis, the model can be rejected as spurious.
Conversely, a causal model would meet the expectation of a
strong relationship between Y and Y′, even after partialling
out the effect of alternative hypotheses. Partial Mantel tests
have been shown to offer high power with low type I and
type II error rates in identifying causal spatial genetic re-
lationships and rejecting spurious models, even when the
degree of correlation between models is high [23].

3. Results

3.1. Simulations. All simulations began the first generation
with random starting allele frequencies. At time zero, there
was no significant simple Mantel’s correlation between simu-
lated genetic distance (Y′) and the current population’s
genetic distance (Y; Figure 2) for any of the three landscape
hypotheses. For the isolation by resistance simulation, the
simple correlation between Y and Y′rapidly increased to 0.6
over the first 100 generations then stayed nearly constant
until the shift to the modern landscape at t = 1000, where
the correlation increased to nearly 0.7 over a period of 20
generations leading up to the simulated present-day popula-
tion (Figure 2(a)). Partialling out the variance explained by
the IBB hypothesis did not reduce the strength of the IBR
hypothesis correlation. Partialling out the variance explained
by the IBD hypothesis reduced the IBR hypothesis correla-
tion by approximately 0.05 or 0.10 for the modern or historic
portions of the simulation, respectively, but the overall
relationship between Y and Y′ remained high. The IBD land-
scape simulated genetic distance showed a weaker simple
Mantel correlation with the modern population’s genetic
distance, and this correlation decreased over time. Partialling
out the variance explained by the IBR hypothesis reduced
the correlation significantly for all generations (Figure 2(b)).
Simulating gene flow on the IBB landscape resulted in
a pattern of genetic isolation that was not significantly
related to the observed empirical pattern at any generation
(Fig-ure 2(c)).

3.2. Causal Modeling. Only the IBR hypothesis met the
statistical expectations of a causal model (i.e., partialling out
the variance explained by competing alternative hypotheses
did not greatly diminish the relationship between Y and Y′,
Figure 2).

4. Discussion

A primary goal of landscape genetic analysis is to infer causal
relationships between the process of gene flow occurring over
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Figure 2: Correlation between observed empirical genetic distance (Y) and simulated genetic distance (Y′). (a), the simple Mantel correlation
between Y and Y′ for the IBR landscape is depicted across 1500 simulated generations (black line). Partial Mantel correlations controlling
for the variance explained by the IBB hypothesis (light gray line) and IBD hypothesis (dark gray line) are also shown. (b), the simple Mantel
correlation between Y and Y′ for the IBD landscape is depicted (dark gray line), with the partial correlations controlling for the variance
explained by the IBR (black line) and IBB (light gray line) also shown. (c), the simple Mantel correlation between Y and Y′ for the IBB
landscape is depicted (light gray line), with the partial correlations controlling for the variance explained by the IBR (black line) and IBB
(dark gray line) also shown. In all panels, the gray vertical bar indicates the modern day (generation 1020), and the dotted lines indicate the
standard deviation of the Mantel correlations across 10 Monte Carlo iterations.
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a landscape and the subsequent patterns of genetic variation
that arise over time [37]. As increasingly altered and frag-
mented landscapes reduce gene flow for many species [38],
the need for robust landscape genetic inference to help in-
form connectivity conservation is high [39]. Indeed, a spa-
tially explicit understanding of landscape effects on gene flow
could guide such activities as the identification and establish-
ment of migration corridors [40], construction of highway
crossing structures, reserve network planning [41], and pre-
dicting the ability of species to shift ranges in response to
climate change [42].

The potential for this emerging field to inform connectiv-
ity conservation is, of course, dependent upon the accuracy
of the inference relating landscapes to gene flow. The vast
majority of published spatially explicit landscape models are
identified due to their correlation with an observed pat-
tern of genetic isolation. Correlations alone, however, are not
definitive proof of causation [43]. The variables comprising
a landscape model may simply be spuriously related to the
true driver(s) of genetic isolation. If one fails to evaluate the
causal mechanism as a model variable, and instead focuses
on a spurious but correlated variable, one risks misinforming
conservation efforts. Importantly, the consequences of false
inference could be highly detrimental to effective conserva-
tion efforts.

As a simple hypothetical example, consider the earlier ex-
ample where major highways are a barrier to gene flow, but
because highways are only in low elevation valleys, there is
a potential for false inferences if one focuses on elevation as
the driver of genetic isolation. The conservation implication
of this false inference would be to protect or create a con-
tinuous network of high elevation linkages. In reality, a strat-
egy focused on constructing a few key highway crossing
structures would likely be much more effective.

This example highlights the importance of testing a full
range of plausible causal models (e.g., [44]). Because of cor-
relations between alternative landscape models, partial re-
gression approaches allow for causal model inferences among
competing but correlated landscape hypotheses and thereby
afford greater rigor (e.g., [24, 25]). Validation of models with
new data also adds to the rigor and confidence in caus-
al models [45]. Though the risk of false inference can be re-
duced by these measures, it would be desirable to have an
independent test to validate these inferences [23, 46].

Returning to our example, consider how the model based
erroneously on the effect of elevation might perform if it
were used as the basis to simulate gene flow. Low elevation
valleys without major roads would have high resistance in
this model, but in reality would offer low resistance because
roads are the major driver of genetic isolation, not elevation.
Simulating gene flow on this poor landscape model would
result in greater simulated genetic isolation across roadless
valleys than exists in reality. Consequently, the simulated
genetic distance would likely be a poor fit to the actual ge-
netic distance among individuals in the population. This
example highlights how error in the empirical and simula-
tion approaches is independent. Error arising from a spu-
riously correlated model is not likely to perform well in a

simulation, where error arises from stochastic population
genetic processes like drift, mutation, and migration.

In this analysis, when we simulated gene flow on a re-
sistance model identified as causal in the empirical model
selection approach of Shirk et al. [25], the simulated pattern
of genetic isolation was strikingly related to the current ob-
served pattern. Importantly, simulations of alternative mod-
els based on isolation by barrier or distance did not meet the
expectations of a causal model. This independent test strong-
ly affirms the conclusions of Shirk et al. [25]. Namely, that
for mountain goats in the Cascade Range, Washington
(USA), a resistance model in which gradients of elevation,
landcover, and major highways govern gene flow. The strong
relationship between this model and the current pattern
of genetic isolation using both empirical and simulation
approaches represents a robust spatial understanding of the
process of gene flow on this landscape. Agencies charged with
improving habitat connectivity for this species within the
study area may use this model with greater confidence that
it will accurately inform ongoing conservation efforts.

While the pattern of genetic isolation in the simulated
present-day generation closely matched the current popula-
tion’s genetic isolation, it is interesting to note that the simu-
lated historic population was also highly related to the cur-
rent population. Some studies note contemporary land-
scapes have a strong effect on population structure [47, 48].
Others have shown historic landscapes have a greater effect
[49]. In the Cascade Range, relatively little landscape change
has occurred over much of the mountain goat’s high eleva-
tion habitat. The main exception has been the construction
of several major highways. The similarity between the mod-
ern and historic landscapes likely explains the strong rela-
tionship between the simulated historic population and the
modern population’s genetic distance.

If a particular model is highly supported by this com-
bination of empirical and simulation analysis, researchers
may also have greater confidence projecting the simulation
forward into future generations. Here, we simulated moun-
tain goat population genetics several hundred generations
into the future. That the genetic isolation of simulated fu-
ture generations is highly related to the current population
suggests much of the effect of modern landscape change is
already reflected in the population’s genetic structure.
Though not the focus of this study, these forward simulations
and others based on alternative landscapes will be used to
estimate how landscape change may shape this population’s
genetic diversity over time.

There are two important limitations to this approach that
should be noted. First, there are important assumptions
inherent in any simulation software. In CDPOP, simplifi-
cations such as nonoverlapping generations and a constant
population size over time do not accurately reflect mountain
goat population demographics within the study area. Yet
despite these simplistic assumptions, the simulation was
able to reproduce a population genetic structure remarkably
similar to the actual population. Ongoing development of
CDPOP will add greater flexibility to model dynamic popu-
lations with overlapping generations. Such advances should
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increase the power of simulations to support landscape ge-
netic inferences [28].

Another limitation of this study was the simplistic treat-
ment of landscape change from the historic to the modern
period. We simulated mountain goat population genetics
within the study area in two steps—one based on a modern
landscape model, and another based on removing the effect
of roads, urbanization, and other anthropogenic factors from
that model. In reality, these landscape changes took place
over about 20 generations. A detailed spatial representation
of landscape change over time is easily incorporated into sim-
ulations, but in practice, limited availability of spatial data
that captures landscape change makes this task difficult. De-
spite the simplistic treatment of this issue in our simulations,
the strength of the relationship between the simulated and
modern population suggests this limitation did not signif-
icantly hinder our ability to closely reproduce the current
population’s pattern of genetic isolation.

5. Conclusion

We believe that combining empirical model selection with
simulation analysis greatly strengthens landscape genetic in-
ference. Empirical analysis can evaluate the relative support
among a large suite of plausible alternative models, and deci-
sively reject those that are inconsistent with the pattern in
the data. This results in identification of an inferred process
governing gene flow. It is then possible to simulate gene flow
under the inferred process and produce a pattern of popu-
lation structure and differentiation. If this deductive analysis
produces population genetic structure that is highly related
to that observed in the empirical population, it provides
strong support for the identified process.

Acknowledgment

The authors thank Cliff Rice, Washington Department of
Fish and Wildlife, for providing spatial data regarding moun-
tain goat habitat and population size within the study area.

References

[1] J. A. Wiens, “Landscape mosaics and ecological theory,”
Mosaic Landscapes and Ecological Processes, pp. 1–26, 1995.

[2] A. J. Bohonak, “Dispersal, gene flow, and population struc-
ture,” Quarterly Review of Biology, vol. 74, no. 1, pp. 21–45,
1999.

[3] O. E. Gaggiotti, “Genetic threats to population persistence,”
Annales Zoologici Fennici, vol. 40, no. 2, pp. 155–168, 2003.

[4] N. Keyghobadi, “The genetic implications of habitat fragmen-
tation for animals,” Canadian Journal of Zoology, vol. 85, no.
10, pp. 1049–1064, 2007.

[5] B. Dennis, “Allee effects in stochastic populations,” Oikos, vol.
96, no. 3, pp. 389–401, 2002.

[6] P. B. Stacey and M. Taper, “Environmental variation and the
persistence of small populations,” Ecological Applications, vol.
2, no. 1, pp. 18–29, 1992.

[7] Y. Willi, J. Van Buskirk, and A. A. Hoffmann, “Limits to the
adaptive potential of small populations,” Annual Review of
Ecology, Evolution, and Systematics, vol. 37, pp. 433–458, 2006.

[8] B. W. Brook, D. W. Tonkyn, J. J. O’Grady, and R. Frankham,
“Contribution of inbreeding to extinction risk in threatened
species,” Conservation Ecology, vol. 6, no. 1, article 16, 2002.

[9] P. Crnokrak and D. A. Roff, “Inbreeding depression in the
wild,” Heredity, vol. 83, no. 3, pp. 260–270, 1999.

[10] P. W. Hedrick and S. T. Kalinowski, “Inbreeding depression
in conservation biology,” Annual Review of Ecology, Evolution,
and Systematics, vol. 31, pp. 139–162, 2000.

[11] J. J. O’Grady, B. W. Brook, D. H. Reed, J. D. Ballou, D.
W. Tonkyn, and R. Frankham, “Realistic levels of inbreeding
depression strongly affect extinction risk in wild populations,”
Biological Conservation, vol. 133, no. 1, pp. 42–51, 2006.

[12] Y. Tanaka, “Extinction of populations by inbreeding depres-
sion under stochastic environments,” Population Ecology, vol.
42, no. 1, pp. 55–62, 2000.

[13] R. C. Lacy, “Importance of genetic variation to the viability of
mammalian populations,” Journal of Mammalogy, vol. 78, no.
2, pp. 320–335, 1997.

[14] M. Beveridge and L. W. Simmons, “Panmixia: an example
from Dawson’s burrowing bee (Amegilla dawsoni) (Hymen-
optera: Anthophorini),” Molecular Ecology, vol. 15, no. 4, pp.
951–957, 2006.

[15] T. Ridgway, O. Hoegh-Guldberg, and D. J. Ayre, “Panmixia in
Pocillopora verrucosa from South Africa,” Marine Biology, vol.
139, no. 1, pp. 175–181, 2001.

[16] T. H. Ricketts, “The matrix matters: effective isolation in frag-
mented landscapes,” American Naturalist, vol. 158, no. 1, pp.
87–99, 2001.

[17] S. Wright, “Isolation by distance,” Heredity, vol. 28, no. 9, pp.
114–138, 1943.

[18] B. H. McRae, “Isolation by resistance,” Evolution, vol. 60, no.
8, pp. 1551–1561, 2006.

[19] R. T. T. Forman and L. E. Alexander, “Roads and their major
ecological effects,” Annual Review of Ecology and Systematics,
vol. 29, pp. 207–231, 1998.

[20] H. Bradley Shaffer, G. M. Fellers, A. Magee, and S. Randal
Voss, “The genetics of amphibian declines: population sub-
structure and molecular differentiation in the Yosemite Toad,
Bufo canorus (Anura, Bufonidae) based on single-strand con-
formation polymorphism analysis (SSCP) and mitochondrial
DNA sequence data,” Molecular Ecology, vol. 9, no. 3, pp. 245–
257, 2000.

[21] S. A. Cushman, K. S. McKelvey, and M. K. Schwartz, “Use
of empirically derived source-destination models to map re-
gional conservation corridors,” Conservation Biology, vol. 23,
no. 2, pp. 368–376, 2009.

[22] M. K. Schwartz, J. P. Copeland, N. J. Anderson et al., “Wol-
verine gene flow across a narrow climatic niche,” Ecology, vol.
90, no. 11, pp. 3222–3232, 2009.

[23] S. A. Cushman and E. L. Landguth, “Spurious correlations and
inference in landscape genetics,” Molecular Ecology, vol. 19, no.
17, pp. 3592–3602, 2010.

[24] S. A. Cushman, K. S. McKelvey, J. Hayden, and M. K.
Schwartz, “Gene flow in complex landscapes: testing multiple
hypotheses with causal modeling,” American Naturalist, vol.
168, no. 4, pp. 486–499, 2006.

[25] A. J. Shirk, D. O. Wallin, S. A. Cushman, C. G. Rice, and K. I.
Warheit, “Inferring landscape effects on gene flow: a new
model selection framework,” Molecular Ecology, vol. 19, no. 17,
pp. 3603–3619, 2010.

[26] P. E. Smouse, “Multiple-regression and correlation extensions
of the Mantel test of matrix correspondense,” Systematic
Zoology, vol. 35, article 627, 1986.



8 International Journal of Ecology

[27] D. J. Bruggeman, T. Wiegand, and N. FernÁndez, “The relative
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