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Abstract

Reliable interpretation of landscape genetic analyses depends on statistical methods that
have high power to identify the correct process driving gene flow while rejecting
incorrect alternative hypotheses. Little is known about statistical power and inference in
individual-based landscape genetics. Our objective was to evaluate the power of causal-
modelling with partial Mantel tests in individual-based landscape genetic analysis. We
used a spatially explicit simulation model to generate genetic data across a spatially
distributed population as functions of several alternative gene flow processes. This
allowed us to stipulate the actual process that is in action, enabling formal evaluation of
the strength of spurious correlations with incorrect models. We evaluated the degree to
which naive correlational approaches can lead to incorrect attribution of the driver of
observed genetic structure. Second, we evaluated the power of causal modelling with
partial Mantel tests on resistance gradients to correctly identify the explanatory model
and reject incorrect alternative models. Third, we evaluated how rapidly after the
landscape genetic process is initiated that we are able to reliably detect the effect of
the correct model and reject the incorrect models. Our analyses suggest that simple
correlational analyses between genetic data and proposed explanatory models produce
strong spurious correlations, which lead to incorrect inferences. We found that causal
modelling was extremely effective at rejecting incorrect explanations and correctly
identifying the true causal process. We propose a generalized framework for landscape
genetics based on analysis of the spatial genetic relationships among individual
organisms relative to alternative hypotheses that define functional relationships between
landscape features and spatial population processes.
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adaptive genetic variation and underlying microevolu-

Introduction tionary processes (Manel et al. 2003; Holderegger &

Recent advances in landscape genetics have greatly
facilitated developing rigorous, species-specific, and
multivariate characterizations of habitat connectivity for
animal species (Manel ef al. 2003; Cushman 2006;
Holderegger & Wagner 2006; Storfer ef al. 2007; Segelb-
acher et al. 2010). Landscape genetics explicitly quanti-
fies the effects of landscape composition, configuration
and matrix quality on spatial patterns in neutral and
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Wagner 2006, 2008; Storfer et al. 2007). Balkenhol et al.
(2009a) argue that while a very exciting emerging field,
landscape genetics is currently limited by several major
theoretical and methodological challenges. For example,
they note that while many statistical methods have been
proposed for analysing the spatial distribution of
genetic variation, and for linking observed genetic pat-
terns to landscape characteristics, it is still unclear
under which conditions the various methods produce
accurate, valid and repeatable results in a landscape
genetics context.
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There have been remarkably few quantitative com-
parisons among alternative statistical methods of infer-
ring pattern-process relationships in landscape genetics.
Perhaps the most comprehensive such analysis to date
is Balkenhol et al. (2009b) in which the authors used a
simulation model to produce spatial genetic patterns
with known relationships to landscape features and
evaluated Type I error rates and power of several alter-
native statistical methods to correctly identify the driv-
ing process. That analysis differs from this in that it
used a population-based spatial migration model with
migration probabilities depending on cost distance
rather than an individual-based cost-distance approach.
In addition, while it evaluated the power of Mantel
tests, it did not evaluate the power of causal modelling
using resemblance matrices, which is the focus of this
paper.

Balkenhol et al. (2009a) note that most past landscape
genetic studies have assumed certain patterns of popu-
lation structure a priori and limited analysis to rela-
tively simple null-hypothesis testing, such as testing for
the presence of a barrier, rather than comparing the evi-
dence for competing hypotheses involving more com-
plex landscape effects. They argue that this may lead to
important misinterpretations. For example, many popu-
lation and landscape genetic studies have used F-statis-
tics (Wright 1943) or assignment tests (Pritchard et al.
2000; Corander et al. 2003; Francois et al. 2006) to relate
genetic differences among predefined subpopulations,
propose interpopulation distance relationships (Wither-
spoon et al. 2007), identify putative movement barriers
(Manni et al. 2004; Funk et al. 2005) or correlations with
landscape features (Vitalis & Couvet 2001; Spear et al.
2005). Often once discrete subpopulations have been
identified, post hoc analyses are performed, correlating
observed genetic patterns with interpopulation distance
or putative movement barriers (e.g. Proctor et al. 2005).
Such ad hoc or post-hoc “hypothesis” testing runs
serious risks of producing erroneous conclusions
(Holderegger & Wagner 2008). This is particularly true
given that populations often have substantial internal
structure (Wright 1943; Gompper et al. 1998; Van Horn
et al. 2004).

Assuming the existence of discrete subpopulation
structure, followed by application of methods designed
to detect such structure, followed by post-hoc analysis
to identify potential causes for the inferred population
structure is a perilous path of inference. The implicit
assumptions underlying an ecological analysis in large
part drive the questions asked and the methods used,
which in turn constrain the results that will be obtained
(Cushman & Huettmann 2009). Methods to delineate
discrete populations are known to identify boundaries
even in continuously structured populations (Schwartz
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& McKelvey 2009). Thus, beginning with an assumption
of discrete populations and then utilizing methods
designed to detect them runs a large risk of producing
erroneous inferences about genetic structure. The subse-
quent post-hoc analysis of putative subpopulations with
respect to selected landscape features adds a second
level of inferential peril. Such analyses begin with an
idea of population substructure and then seek correla-
tions with landscape features that are coincident; when
such correlations are found the researchers typically
assume that these coincident features are the cause of
the inferred substructure. Observing a coincidence
between a landscape feature and a putative subpopula-
tion boundary does not confirm the role of that feature
in creating the putative population boundary. This is an
example of the logical deductive fallacy of affirming the
consequent (Cushman & Huettmann 2009).

Simulation models have a particularly important role
to play in investigating the ability of alternative statisti-
cal methods to correctly attribute the causes of observed
genetic substructure. They provide control over simu-
lated process such that there is no ambiguity as to
causes of observed genetic patterns (Epperson et al.
2010). In this paper we used an individual-based, spa-
tially-explicit simulation model to generate genetic data
across a spatially distributed population as functions of
several alternative gene flow processes. First, we evalu-
ate the degree to which naive correlational approaches
can lead to incorrect attribution of the driver of
observed genetic structure. Second, we assess the power
of causal modelling with partial Mantel tests on resis-
tance gradients to identify a correct explanatory model
and reject incorrect alternative models. Third, we quan-
tify how rapidly after the gene flow process is initiated
that we are able to reliably detect the effect of the
correct model and reject the incorrect models. Finally,
we propose a generalized framework for landscape
genetic inference based on analysis of the spatial genetic
relationships among individual organisms across a
range of alternative hypotheses that define functional
relationships between multiple landscape features and
spatial population processes.

Methods

Simulation scenarios

We use the CDPOP individual-based landscape genetics
model (Landguth & Cushman 2010) to conduct all
simulations. CDPOP models genetic exchange for a
given resistance surface and n,, located individuals as
functions of individual-based movement through
mating and dispersal, vital dynamics, and mutation.
The model represents landscape structure flexibly as
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resistance surfaces whose value represents the step-wise
cost of crossing each location. Mating and dispersal are
modelled as probabilistic functions of cumulative cost
across these resistance surfaces. The model provides a
framework for provides a framework for simulating the
emergence of spatial genetic structure in populations
resulting from specified landscape resistance processes
governing organism movement behaviour.

In this analysis, we simulate genetic exchange with-
out mutation in a population of 1248 individuals under
three landscape resistance scenarios: (a) isolation by
Euclidean distance (Fig. 1a); (b) isolation by barrier
(Fig. 1b) and (c) and isolation by landscape resistance
(Fig. 1¢). In the Euclidean case all resistance values are
set to 1, making all mating and dispersal a function of
Euclidean distance alone. In the barrier case, there is
resistance of 1 resulting in a Euclidean distance function
in all cells except for the barrier, which has a value
much greater than 1 to stipulate an absolute barrier to
dispersal or mate choice dividing the landscape. In the
landscape case, resistance is a continuous function of
multiple environmental attributes. For this paper, we
use the landscape resistance surface identified by Cush-
man et al. (2006) as the most supported out of 110 alter-
native models for black bear (Urusus americanus) gene
flow in northern Idaho, USA. For each resistance sur-
face and the 1248 individuals, cost distance matrices
were calculated as the cumulative cost associated with
traversing the least cost path from each individual’s
location to every other individual’s location using Arc-
GIS COSTDISTANCE function (ESRI 1999-2008). We

@)

initialized the locations for 1248 individuals on each of
these cost surfaces by populating the landscape resis-
tance surface (Fig. 1c) with locations on a grid with a
1.6 km spacing that fell on pixels with landscape resis-
tance value of less than 6. This was done to place indi-
viduals in habitat that was relatively suitable for the
species given this landscape resistance hypothesis. The
same 1248 points were used in all simulations for all
three resistance processes. We initialized genotypes for
these 1248 individuals by randomly assigning allelic
states across 10 loci each with 10 alleles.

We simulated change in individual genotypes across
this grid of 1248 individuals for each of the three resis-
tance processes following random assortment in Men-
dalian inheritance. For each scenario we produced 100
replicate simulations to quantify the variability in spa-
tial genetic structure produced. We ran all simulations
for 1000 non-overlapping generations. We simulated
mating with male replacement and without female
replacement at each generation. Each mate pair was
specified to have a number of offspring following a
Poisson process with mean of 4, to guarantee a positive
lambda value to ensure that all locations were filled at
each time step and to avoid immigrants. We maintained
a constant population of 1248 by discarding the remain-
ing offspring once all the 1248 grid locations were occu-
pied. This is equivalent to forcing emigration out of the
study area once all available home ranges are occupied
(Landguth & Cushman 2010).

We used an inverse-square probability function to
select mates and offspring dispersal destinations as

Fig. 1 The three resistance models used in this analysis: (a) isolation by Euclidean distance; (b) isolation by barrier and (c) isolation
by landscape cost distance. White points indicate locations of the 1248 individual organisms forming the simulated population.
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functions of cost distance, with a maximum movement
threshold set at 39 200 cost units, corresponding to the
range of positive spatial autocorrelation of genetic relat-
edness among individuals as a function of cost distance
in the Cushman ef al. (2006) data set. This results in all
mate choices and dispersal distances to be less than or
equal to 39 200 cost-units apart, with probability of
mate distance or dispersal distance within that limit
specified by an inverse square function. This is reason-
able given that spatial processes on a two-dimensional
surface usually are governed by an inverse square rela-
tionship, and probability of moving to a particular loca-
tion on a plane is inversely related to the square of the
distance from the origin to the destination.

Causal modelling with partial Mantel tests

At every 10-year time step for each of the 100 Monte
Carlo runs and each of the three resistance processes,
we used the Bray-Curtis percentage dissimilarity mea-
sure to produce genetic distance matrices for all pairs
of individuals. Then we calculated three Mantel tests
(Mantel 1967) and six partial Mantel tests to assess the
degree of association between each genetic distance
matrix and the three cost distance matrices computed
from each resistance surface and the 1248 individuals
(Table 1). These tests were selected to allow us to
implement the causal modelling framework used by
Cushman et al. (2006).

Causal modelling with distance matrices using partial
Mantel tests provides expected outcomes in terms of
significance and non-significance of a series of tests that
can be used to reject explanations that are not consistent
with the expectations of the causal model. For example,
Fig. 2 shows the three causal models corresponding to
each of the three resistance processes of isolation by
distance, isolation by barrier and isolation by landscape
resistance, and lists the expected outcomes of Mantel
and partial Mantel tests for each process. The isolation
by distance hypothesis proposes that gene flow is a

Table 1 List of Mantel and partial Mantel tests calculated
between genetic distance and cost distance

Independent variable Variable partialled out Acronym
Landscape None L
Distance None D
Barrier None B

Barrier Landscape BIL
Barrier Distance BID
Landscape Barrier LIB
Landscape Distance LID
Distance Barrier DIB
Distance Landscape DIL
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function of Euclidean distance among individuals and
is not independently related to barriers or landscape
structure. In contrast, the barrier model proposes that
gene flow is a function of Euclidean distance on either
side of an absolute barrier and is not driven by global
isolation by distance or differential landscape resistance.
The landscape resistance model proposes that gene flow
is a function of landscape resistance as specified in
Fig. 1c and is not driven by isolation by Euclidean dis-
tance or any barrier features in the landscape. We pre-
formed the simple Mantel and partial Mantel tests
listed in Table 1 using the Ecopist package in r, with
1999 permutations to calculate statistical significance.

Results

Simple Mantel correlations

CDPOP simulation of isolation by Euclidean distance
produced significant correlation between barrier model
cost distance and genetic distance within 10 generations
(Fig. 3g). The correlation rose rapidly to asymptote at
approximately 7 =0.4 in 120 generations. Similarly,
implementing the barrier process in CDPOP produced
significant correlation between barrier model cost dis-
tance and genetic distance within 10 generations
(Fig. 3d), which increased rapidly to an asymptote at
approximately 300 generations. Simulating isolation by
landscape resistance resulted in strong correlation
between landscape cost distance and genetic distance,
with significant correlation apparent at the first
reported time step of 10 generations after the beginning
of the simulation (Fig. 3d). The correlation between
landscape cost distance and genetic distance increased
rapidly to an asymptote at approximately 300 genera-
tions. This shows that the spatial process of isolation by
landscape resistance results in detectable spatial genetic
patterns almost immediately, but takes several hundred
generations to equilibrate at this population size and
dispersal distance.

Spurious correlations

The simple Mantel tests between the cost-distances
corresponding to the incorrect alternative hypotheses
are nearly identical to those associated with the simu-
lated actual process in all three cases (Fig. 3b,c.e fh,i).
These are spurious correlations, as we stipulated the
driving process and therefore know there is no inde-
pendent effect of these alternative hypotheses. In all
three cases, this spurious effect is detected almost
immediately and is very strong. In the case where we
stipulated an isolation by distance process, the simple
Mantel tests between the cost-distances corresponding
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a b (3
@ Genes (k) Genes © Genes
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Fig. 2 Schematic showing the three causal models evaluated in this analysis. (a) Genetic structure is a function of Euclidean distance
among individuals with no independent relationship with barriers or landscape resistance; (b) genetic structure is a function of barri-
ers with no independent relationship with Euclidean distance or landscape resistance and (c) genetic structure is a function of land-
scape resistance with no independent relationship with Euclidean distance or barriers. Below each causal model are lists of the
diagnostic Mantel tests used to evaluate support and expected significance outcomes if that causal model were correct. For example,
in the Distance causal model: D—simple Mantel test between genetic distance and Euclidean distance, D |L—partial Mantel test
between genetic distance and Euclidean distance, partialling out landscape cost distance, D | B—partial Mantel test between genetic
distance and Euclidean distance, partialling out barrier distance, L | D—partial Mantel test between genetic distance and landscape
cost distance, partialling out Euclidean distance, B | D—partial Mantel test between genetic distance and barrier distance, partialling

out Euclidean distance.

to the landscape and barrier hypotheses produce very
highly significant spurious correlations which are nearly
identical to those produced by the correct distance
model (Fig. 3). Similarly, in the case where we stipu-
lated an isolation by barrier process, Mantel r values for
the landscape hypothesis are nearly identical to those
produced by the correct barrier resistance process, and
those for the distance hypothesis only slightly lower.
Likewise, in the simulation of isolation by landscape
resistance, Mantel r values for the barrier hypothesis
are nearly identical to those produced by the correct
landscape resistance process, and those for the distance
hypothesis only slightly lower. These spurious effects
are detected almost immediately and reach an asymp-
totic effects size equivalent to that of the correct
stipulated process.

Power of causal modelling

In all three simulations stipulating isolation by distance,
barrier and landscape resistance, causal modelling con-
sistently rejected the incorrect alternative hypotheses
and supported the correct causal process (Figs 4-6).
Causal modelling had equivalent power for each of the
three stipulated processes. Therefore, we only report
power results for the case where landscape resistance
was the simulated driving process. At 10 generations
causal modelling had power of 0.82 to correctly reject
barrier and distance models and support the landscape
model (Fig. 7). Power rose to 86% at 30 generations,

90% at 40, and 96% of the time causal modelling cor-
rectly rejected the incorrect models and affirmed the
correct landscape hypothesis after 50 generations of
simulation time. Beyond 50 generations causal model-
ling had apparent power of that varied between 96%
and 100%, due to the stochastic nature of the simula-
tion.

Discussion

Spurious correlations in landscape genetics

Few studies have explored the performance of different
statistical approaches to evaluate pattern-process rela-
tionships in landscape genetics. Balkenhol et al.
(2009a,b) provides the most comprehensive analysis to
date of performance of a range of statistical tools in
terms of Type I error rates. They report Mantel and par-
tial Mantel tests have high Type I error rates in their
simulations. We confirm the high risk of Type I error
when testing pattern-process relationships with simple
Mantel tests. However, we do not believe this is a prob-
lem with the Mantel test per se, as much as a funda-
mental attribute of spatially correlated alternative
causal hypotheses in landscape genetics (e.g. Murphy
et al. 2008). Our analysis demonstrates that most alter-
native hypotheses of factors driving gene flow across
landscapes will produce correlated expectations. For
example, in our simulation isolation by Euclidean dis-
tance, a movement barrier and a complex landscape
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Fig. 3 Plot of simple Mantel r values across the first 500 generations of simulation time showing the correlation between genetic dis-
tances and the correct stipulated process (3a,d,g) and spurious correlations between genetic distance and incorrect alternative hypoth-
eses (3b,c,e,fh,i). Error bars show 95% confidence interval across 100 Monte Carlo simulation runs. The panels show correlation
between genetic distance and (3a) Euclidean distance when Euclidean distance is the stipulated process, (3d) the barrier model when
it is the stipulated process, (3g) the landscape model when it is the stipulated process. The remaining panels are spurious correla-
tions between genetic distance and (3b) the distance model and (3¢c) the landscape resistance model when barrier is the stipulated
process; between genetic distance and (3e) the distance model and (3f) the landscape model when the barrier model is the stipulated
process; between genetic distance and (3h) the barrier model and (3i) the landscape model when isolation by distance is the stipu-

lated gene flow process.

resistance hypothesis produce highly correlated cost
distance expectations, although they are conceptually
very different hypotheses. Similarly, using a simulation
approach Murphy et al. (2008) showed that spurious
isolation by distance signals were a common byproduct
of a variety of spatial gene flow processes. Finding
strong spurious relationships in both simulated and
empirical data sets emphasizes the need for carefully
constructed a priori hypothesis statements and power-
ful statistical methods to evaluate support for compet-
ing alternative hypotheses. This highlights the need to

utilize more sophisticated and robust approaches in
landscape genetic inference.

Dangers of naive confirmatory analysis

Landscape genetics has focused on describing and map-
ping population units (Pritchard et al. 2000; Corander
et al. 2003; Francois et al. 2006), measuring gene flow
(Balkenhol et al. 2009a) and modelling factors that pre-
dict rates and patterns of gene flow within and between
populations (Coulon et al. 2004; Cushman et al. 2006;
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Fig. 4 Plot of diagnostic partial Mantel tests over the first 500 generations of simulation time for the case when the stipulated pro-
cess simulated in CDPOP is isolation by Euclidean distance, with no independent effect of barriers or landscape resistance. (a) partial
Mantel test between genetic distance and Euclidean distance, partialling out the effect of barriers; (b) partial Mantel test between
genetic distance and Euclidean distance, partialling out the effect of landscape resistance; (c) partial Mantel test between genetic dis-
tance and barrier distance, removing the effect of Euclidean cost distance and (d) partial Mantel test between genetic distance and
landscape cost distance, removing the effect of Euclidean distance. These four tests all support the correct causal model and refute
the incorrect alternative models, with significant Mantel correlations appearing within 10 generations of initiation of the causal

process.

McRae & Beier 2007; Segelbacker et al. 2010). In many
cases researchers have proposed a model, sought
evidence consistent with that model, and finding such
evidence, concluded that the proposed model of
population structure was correct. However, it is very
common that multiple alternative landscape genetic
hypotheses are highly correlated (Murphy et al. 2008;
fig. 3 in this paper). This leads to very high risk of Type
I error in applying simple correlational approaches
seeking to confirm the expectation of a hypothesis. Our
results confirm the high risk of incorrect inference using
simple Mantel tests due to high Type I error rates due
to intercorrelation of alternative hypotheses. Concluding
a hypothesis is supported using naive correlations is an
example of the logical deductive fallacy of affirming the
consequent (Cushman & Huettmann 2009), in which a
result consistent with a hypothesis is mistaken for dem-
onstration of the truth of that hypothesis.

Causal modelling and type I error

Cushman et al. (2006) proposed a causal modelling
approach to lessen the risk of attributing incorrect cau-
sal mechanisms for observed spatial genetic patterns

due to spurious correlations. Using multi-model infer-
ence on an empirical data set, Cushman ef al. (2006)
demonstrated that had they tested the single hypothesis
of isolation by barriers against a null hypothesis of glo-
bal panmixia they would have incorrectly affirmed the
barrier hypothesis. Likewise, had they evaluated the
isolation by barrier and isolation by distance model
they would have incorrectly affirmed the isolation by
distance model, as it was more supported than the bar-
rier model. This again would be an inferential error, as
the distance model was not among the most supported
models.

The analyses presented in this paper were designed to
evaluate the severity of spurious correlations in land-
scape genetic studies of gene flow, and to assess the effi-
cacy of the causal modelling framework using partial
Mantel tests to reject incorrect hypotheses and support
the correct causal process. The individual-based land-
scape-genetic simulation model we use provides control
over the implemented process. The model allowed us
stipulate the actual process that is in action. This, in turn,
allowed us to formally evaluate the strength of spurious
correlations with incorrect models and to evaluate the
rigor of the causal modelling approach.
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Fig. 5 Plot of diagnostic partial Mantel tests over the first 500 generations of simulation time for the case when the stipulated pro-
cess simulated in CDPOP is isolation by the barrier model, with no independent effect of Euclidean distance or landscape resistance.
(a) partial Mantel test between genetic distance and barrier distance, partialling out the effect of Euclidean distance; (b) partial Man-
tel test between genetic distance and barrier distance, partialling out the effect of landscape resistance; (c) partial Mantel test between
genetic distance and Euclidean distance, removing the effect of barrier model cost distance and (d) partial Mantel test between
genetic distance and landscape cost distance, removing the effect of barrier model cost distance. These four tests all support the cor-
rect causal model and refute the incorrect alternative models, with significant Mantel correlations appearing within 10 generations of

initiation of the causal process.

The results clearly show that there is high risk of
incorrect attribution of causality in the absence of for-
mal evaluation of support for competing alternative
hypotheses in landscape genetics. In this analysis, each
simulated process produced genetic structure that was
correlated with the two incorrect hypotheses nearly as
strongly as with the correct causal process. Without for-
mal causal modelling to partial out the effects of each
alternative model it would have been impossible to
identify which model was correct. Our results demon-
strate that partial Mantel tests in a causal modelling
framework do not suffer from high Type I error rates,
in marked contrast to simple Mantel tests. Specifically,
the spurious relationships with incorrect alternative
hypotheses were removed effectively by the partial
Mantel tests implemented in the causal modelling
framework. This suggests that contrary to previous
findings (Balkenhol et al. 2009b), partial Mantel do not
appear to suffer from elevated Type I error rates, at
least when implemented in a causal modelling frame-
work.

In most published spatial genetics work, isolation by
barriers into discrete panmictic subpopulations has been

proposed as the expectation and methods designed to
detect such populations are employed. However, given
the strength and universality of spurious correlations
between genetic structure and barrier, distance and
landscape models, this simplistic approach to hypothe-
sis confirmation produces equivocal inferences and may
frequently lead to affirmation of incorrect explanatory
models.

Type II error, power and causal modelling

Our results also demonstrate that causal modelling with
partial Mantel tests appears to be very robust in its abil-
ity to reject incorrect causal mechanisms and correctly
identify the driving process that is responsible for the
observed pattern of genetic variation across the land-
scape. In our analysis, causal modelling had very high
power to correctly identify the driving cause and reject
the spurious effects of correlated alternative hypotheses.
Importantly, causal modelling had a power of 86% to
correctly identify a causal process and reject incorrect
alternatives within 20 generations after the initiation

of the process, and nearly perfect power after
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Fig. 6 Plot of diagnostic partial Mantel tests over the first 500 generations of simulation time for the case when the stipulated pro-
cess simulated in CDPOP is isolation by landscape resistance, with no independent effect of Euclidean distance or barrier. (a) partial
Mantel test between genetic distance and landscape costdistance, partialling out the effect of barrier model distance; (b) partial Man-
tel test between genetic distance and landscape cost distance, partialling out the effect of barrier model resistance; (c) partial Mantel
test between genetic distance and Euclidean distance, removing the effect of landscape cost distance and (d) partial Mantel test
between genetic distance and Euclidean distance, removing the effect of landscape cost distance. These four tests all support the cor-
rect causal model and refute the incorrect alternative models, with significant Mantel correlations appearing within 10 generations of

initiation of the causal process.

30 generations. The CDPOP model implements stochas-
tic, individual-based mating and dispersal as functions
of the stipulated landscape resistance hypotheses.
Observing near perfect performance of the causal mod-
elling approach across 100 runs of a stochastic model
we believe is strong evidence for its effectiveness.
Importantly, the performance of the causal modelling
approach was equally high when the stipulated process
was isolation by barriers, isolation by distance or isola-
tion by landscape resistance. This suggests it may pro-
vide a generalized framework for evaluating support
among alternative hypotheses regarding the causes
driving patterns of gene flow.

Landscape resistance, multi-model inference and causal
modelling: a generalized framework for landscape
genetics

We believe that the combination of landscape resistance
models as predictors of individual-level genetic varia-
tion and causal modelling provides a robust framework
for landscape genetic inference. Specifically, represent-
ing the processes that drive population structure as con-

tinuously resistant landscapes and evaluating the
support for alternative landscape resistance models pro-
vides a common framework for judging relative sup-
port among alternative models. Classic models of
isolation by distance, and isolation by barriers into dis-
crete panmictic populations can be specified as particu-
lar landscape resistance surfaces within this framework.
The extreme null model of global panmixia can also be
specified as a special landscape resistance model (Land-
guth & Cushman 2010). This allows a formal evaluation
of the degree of support for these classic explanations
relative to alternative models in which differential resis-
tance across complex landscapes drives gene flow.
Indeed, our results suggest that putting these alterna-
tive explanations into a common analysis in which the
degree of support for each can be evaluated relative to
the others is essential. Without such formal evaluation,
the severe risk of spurious correlations will render most
analyses equivocal. However, an individual-level, resis-
tance-process based framework allows the expression of
all alternative models of the factors driving population
structure in comparable forms that can be tested in a
common framework, such as causal modelling.
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Fig. 7 Plot of power to affirm the correct causal model and
refute the incorrect alternative causal models across genera-
tions since inception of the causal process. All: power for cor-
rect result from all five diagnostic Mantel tests; L_land: power
for correct result for simple Mantel test between genetic dis-
tance and landscape cost distance; L_land.barrier: power for
correct result for partial Mantel test between genetic distance
and landscape cost distance partilling out barrier; L_land.dis-
tance: power for correct result for partial Mantel test between
genetic distance and landscape cost distance, partialling out
Euclidean distance; L_distance.land: power for correct result
for partial Mantel test between genetic distance and Euclidean
distance, partialling out landscape cost distance; L_barrier.Jand:
power for correct result for partial Mantel test between genetic
distance and barrier distance, partialling out landscape cost
distance.

Combining empirical analysis and simulation
in landscape genetics

In landscape genetics, the integration of empirical and
simulation analyses provides a tremendous opportunity
to increase understanding of spatial population pro-
cesses (Cushman 2006; Balkenhol et al. 2009a) and
greatly lessen risk of inferential errors regarding pattern-
process relationships. Specifically, empirical analyses,
such as Cushman et al. (2006), provide inductive infer-
ence of process from pattern in the data by ranking sup-
port for multiple alternative hypotheses. There is still
substantial risk of inferential error through this inductive
process; the true driving process may not be among
those evaluated. Simulation modelling to recreate the
genotypes of individuals in continuous populations that
would be expected given the inferred process provides
the reverse, deductive inference (Landguth & Cushman
2010). There is still a risk of inferential error through this
deduction; there may be multiple processes that could
create the same pattern in the data. However, by linking
empirical analysis and simulation modelling we can
obtain a higher level of confidence in our results (Cush-
man 2006). Specifically, seeing that analysis of a given
empirical data set provides strongest support for a par-
ticular process, and then observing that the process is
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able to recreate the empirical genetic pattern indepen-
dently based on theoretical processes implemented in a
simulation model provides a strong test of the inferred
pattern-process relationship. Our analysis provides one
example of how this can work, with Cushman et al.
(2006) inferring a causal process from empirical data,
and the simulation results presented here confirming
that that process creates a spatial genetic pattern consis-
tent with empirical causal modelling results.

Scope and limitations

Here we have shown that the causal modelling frame-
work effectively identifies a correct hypothesis while
rejecting incorrect explanations in individual-based
landscape genetic analysis. However, the challenge of
proposing the correct model is enormous. In this paper
we had the luxury of being able to stipulate the correct
model and simulate the genetic structure that would
result from it. In empirical analysis this is never the
case. In empirical analysis we don’t know the true cau-
sal process, and must propose plausible alternatives to
test. However, causal modelling can be linked with a
multi-model approach to more rigorously implicate cau-
sality and reduce the risk of affirming the consequent
in landscape genetics (e.g. Cushman et al. 2006). Often
this is best done by evaluating support among multiple
competing landscape resistance models within the cau-
sal modelling framework (e.g. Cushman et al. 2006).

This analysis evaluated power to discriminate among
isolation by distance, barrier and landscape resistance
alternative hypotheses. Another important question not
evaluated in this paper is the success of the causal mod-
elling approach to correctly discriminate among corre-
lated alternative landscape resistance hypotheses.

Our analysis is based on an individual-based simula-
tion model. We think this is a powerful framework to
evaluate this question, given it allows the stipulation of
a driving process and explicit control over how it is
enacted. However, as in the case of any model, our sim-
ulation is a simplification. Further research is needed to
evaluate how additional factors not addressed here may
influence the performance of the statistical approach
implemented here. For example, our simulation used a
fixed population size across generations. It will be infor-
mative to evaluate how landscape genetic simulation
results are influenced by dynamic population size. Simi-
larly, our simulation is a grid-based model, and not a
fully spatially-dynamic agent based model. This means
that individuals can only occupy a finite number of dis-
crete locations in the landscape, rather than having full
flexibility to move to any location as a stochastic move-
ment process. This simplification is necessary to achieve
feasible processing times.
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