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Abstract Landscape genetics plays an increasingly
important role in the management and conservation of
species. Here, we highlight some of the opportunities and
challenges in using landscape genetic approaches in con-
servation biology. We first discuss challenges related to
sampling design and introduce several recent methodo-
logical developments in landscape genetics (analyses based
on pairwise relatedness, the application of Bayesian
methods, inference from landscape resistance and a shift
from population-based to individual-based analyses). We
then show how simulations can foster the field of landscape
genetics and, finally, elaborate on technical developments
in sequencing techniques that will dramatically improve
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our ability to study genetic variation in wild species,
opening up new and unprecedented avenues for genetic
analysis in conservation biology.
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Introduction

Habitat fragmentation and climate change have negative
impacts on populations, and they are considered to be main
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causes of biodiversity loss and therefore a major issue of
conservation biology (Fischer and Lindenmayer 2007;
Lindenmayer et al. 2008; Heller and Zavaleta 2009). Thus
there is a growing need for natural resource managers to
evaluate the impact of proposed management actions on
the extent of habitats and the degree of fragmentation of
these habitats (Fahrig and Merriam 1985). Habitat loss and
fragmentation create discontinuities (i.e. patchiness) in the
distribution of critical resources (e.g. food, cover, water) or
environmental conditions (e.g. microclimate). From the
perspective of an organism, such discontinuities in the
distribution of suitable habitat lead to a reduction of con-
nectivity among population fragments (Kindlmann and
Burel 2008). As habitat is lost and populations fragmented,
functional connectivity through individual exchange and
gene flow becomes critically important (Fischer and Lin-
denmayer 2007). Specifically, subdivision and isolation of
populations leads to reduced dispersal success and patch
colonization rates, which may result in a decline in the
persistence of populations and an enhanced probability of
regional extinction across a landscape (Lande 1987; With
and King 1999). In addition, metapopulation theory shows
that population extinction and recolonization has sub-
stantial effects on the genetic differentiation of populations
(Wade and McCauley 1988).

Gene flow among populations, either by exchange of
individuals in animals, pollen and seed in plants or spores in
cryptogams, is necessary to maintain the long-term viability
of populations. Gene flow maintains local genetic variation
by counteracting genetic drift and spreads potentially adap-
tive genes. From the perspective of conservation biology, it
is thus essential to infer the functional connectivity of pop-
ulations across landscapes (Van Dyck and Baguette 2005).
While there are a number of approaches that have been used
to estimate functional connectivity (O’Brien et al. 2006; Fall
et al. 2007), its ultimate validation is based on gene flow
estimation (Cushman 2006; Cushman et al. 2009a).

Molecular methods offer an increasingly powerful
approach to quantifying gene flow across landscapes. A
number of tools are currently available to investigate
genetic variation in space and time, as well as its rela-
tionships to environmental conditions. This has led to the
research field of landscape genetics, which integrates
population genetics, landscape ecology and spatial statis-
tics (Manel et al. 2003; Storfer et al. 2007; Holderegger and
Wagner 2008). Landscape genetics seeks to elucidate how
genetic variation (i.e. neutral and adaptive component) is
affected by landscape and environmental variables. Taking
advantage of recent statistical developments (e.g. in the
field of spatial statistics or Bayesian analysis) it aims to
detect the impact of fragmentation on gene flow and to
determine how selection and environmental variation
shapes adaptive genetic variation in natural populations.
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Applications of landscape genetics to conservation typi-
cally employ spatial statistical analysis of genetic structure
to infer gene flow in space and time (i.e. as a spatial—
temporal process, Epperson 2003; Storfer et al. 2007;
Anderson et al. 2010). Although landscape genetics is
gaining increasing interest, there are still few examples
where landscape genetic approaches have been success-
fully applied to the practical conservation management of
species (but see e.g. Epps et al. 2005; Vignieri 2005; Riley
et al. 2006; Segelbacher et al. 2008).

In general, landscape genetics often involves spatial and
temporal processes that differ significantly from those
modelled in population genetics (Epperson et al. 2010).
Existing population genetic models assume large popula-
tion sizes, have high degrees of spatial symmetry and are
characterised by many simplifications regarding the life
history of species. Appropriate landscape genetic models
will need to deal with less symmetry and often greater
detailed realism of life history and movement behaviour.
However, even in symmetrical space—time processes such
as two-dimensional isotropic isolation by distance, there is
a high level of stochasticity in the spatial genetic structure
created. Hence appropriate models need to maintain some
spatial replication (i.e. multiple spatial comparisons) as
well to average over multiple genetic markers for adequate
statistical power (Epperson 2004, 2007; Cushman et al.
2009b). Effects of spatial scale (i.e. study area extent,
spatial sampling design and scale of the processes studied)
are critical (Anderson et al. 2010) as the spatial autocor-
relation of allele frequencies generally decreases as
distance increases (Vekemans and Hardy 2004). Temporal
scale, in particular the length of time that a process or the
effect of a landscape feature (the term is used here for any
heterogeneity in landscape or environmental factors) has
been acting is another important determinant of spatial
genetic structure. In large populations, for example, it takes
about 20-50 generations for most short distance spatial
autocorrelation to build up under isolation by distance, and
further back in time coalescent events become nearly
independent of spatial location (Barton and Wilson 1995).
Spatial dimensionality, i.e. the number of spatial dimen-
sions that a studied process effectively acts in, is also
critical. For example, populations of a riparian plant spe-
cies located along a river effectively exist in only one
spatial dimension. Generally, one-dimensional systems have
greater stochasticity than two-dimensional systems, as well
as different amounts of autocorrelation (Epperson 2003).

In the present article, we highlight some of the oppor-
tunities and challenges in using landscape genetic approa-
ches in conservation biology. We first discuss challenges
related to sampling design and recent methodological
developments in landscape genetic analysis, i.e. analyses
based on pairwise relatedness, the application of Bayesian
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methods, inference from landscape resistance and the shift
from population-based to individual-based analyses. We
then show how simulations can foster the field of landscape
genetics and, finally, we briefly elaborate on technical
developments in sequencing techniques that will dramati-
cally improve our ability to study genetic variation in wild
species.

Problems of sampling design

Most research projects start with a particular problem or a
distinct question, which should be developed in the form of
a statistically falsifiable hypothesis. Yet in the published
landscape genetic literature, distinct questions, let alone
proper hypotheses, have rarely been stated. In a recent
review of 174 landscape genetics studies published from
1998 to 2008, only one-third had an explicit study design
(Storfer et al. 2010). One explanation for this shortcoming
is that there is usually only limited information available
on how landscape features influence the movement and
behaviour of animals or on how they affect dispersal in
plants. For example, while it may be reasonable to assume
that a six-lane, fenced motorway acts as a barrier to animal
movement, we may know almost nothing about the effects
of open fields, different forest types or varying river cur-
rents on animal movement or plant dispersal. Most land-
scape genetic studies simply ask general questions such as:
“Which landscape elements influence the movement or
dispersal of animals and plants?” In the absence of any
prior knowledge, landscape geneticists therefore tend to
sample data on many environmental factors or landscape
features. As a null hypothesis, they assume that only geo-
graphic distance determines genetic affinity and that an
isolation by distance pattern is present (Hutchison and
Templeton 1999). However, many applications of land-
scape genetics in conservation biology will require the
development of more sophisticated alternative hypotheses.
Recently, Cushman and Landguth (in press b) showed that
a naive correlational approach can lead to strong spurious
correlations leading to false inferences. They emphasized the
importance of explicit sampling designs and more sophisti-
cated methods that reject incorrect causal models and provide
increased support for the correct driving processes.

It appears that landscape geneticists often only intui-
tively think about appropriate scales of sampling and
the pattern in which genetic samples should be taken
(Muirhead et al. 2008). However, there is another, often
neglected facet to landscape genetic sampling, namely the
resolution in terms of scale and content of the landscape
ecological data to be gathered. When investigating the
influence of landscape features on gene flow, there is

general agreement that the scale at which genetic samples
should be taken must be at least as large as the movement
distance of the animal species studied or the dispersal
distance of seed and pollen in plants. However, which type
of animal movement should be considered? Is it the every-
day movement within home-ranges or the episodic move-
ment during dispersal (Baguette and Van Dyck 2007)? Is it
the seasonal migration among habitat patches? Clearly, the
answer depends on the particular research question to be
answered. To define the appropriate spatial scale, research-
ers mostly rely on available ecological and demographic
information on movement and dispersal distances
(Sutherland et al. 2000; Bowman et al. 2002). However,
caution is needed here. Recent genetic studies investigating
contemporary gene flow and migration have often found
that pollen and seed dispersal in plants as well as move-
ment in animals far exceed estimates from ecological or
demographic studies (both with respect to distance and
frequency (Holderegger and Wagner 2008). Landscape
geneticists therefore need to take into account that they
might infer gene flow over unexpectedly large distances
and that they need to consider landscape features and
their configuration over extended spatial scales. This
problem of defining the appropriate scale are less critical
when testing the genetic effects of a single explicit land-
scape structure such as a road or a mountain ridge, rather
than searching for the general effects of a landscape (Marsh
et al. 2008).

Another important consideration in landscape genetic
studies is the replication of study areas. The effects of
landscape patterns on population genetic processes are a
classic example of a landscape-level process (McGarigal
and Cushman 2002). To obtain rigorous inferences about
pattern-process relationships it would be essential to a pri-
ori select a representative sample of study landscapes.
Through sampling multiple representative landscapes and
treating them as independent observations of the pattern-
process relationship, it is possible to rigorously test for the
generality of landscape genetic inference. However, nearly
all past landscape genetic studies have been based on
associations between gene flow estimates and landscape
structure in a single species within a single landscape.

Historically, population genetics has sampled individu-
als that were grouped according to pre-defined, spatially
delimited populations and used classical population
genetics models such as Wright’s Island model to analyse
the data (Wright 1943). However, during the past few
years, landscape genetics has developed into a field pro-
gressively adopting individual-based statistical analysis
(Manel et al. 2005). Landscape genetics studies now often
apply Bayesian clustering techniques to group samples into
populations in a more objective way (Storfer et al. 2010).
Schwartz and McKelvey (2009) recently investigated the
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effects of sampling design (e.g. random, stratified or tran-
sect sampling) on the performance of STRUCTURE
(Pritchard et al. 2000), the most widely applied Bayesian
clustering approach. They showed that in situations where
near-neighbour mating creates patterns of long range
isolation-by distance, STRUCTURE identifies different
numbers of clusters depending on the sampling scheme
applied. As genetic gradients are probably common in
nature, STRUCTURE may thus provide misleading popu-
lation circumscriptions. Unfortunately, the effects of
sampling scheme on individual-based landscape genetic
analyses are yet largely unknown and substantial simula-
tion experiments are required to evaluate their potential
impact. Further, in reality and especially so in conservation
biology, many landscape genetic studies rely on opportu-
nistic sampling, e.g. samples are obtained from hunters or
harvesters in the case of larger vertebrates (Schwartz and
McKelvey 2009). Alternatively, samples are often taken at
locations where animals are most easily caught or trapped,
e.g. ponds in the case of anurans (Angelone and Holde-
regger 2009). Hence, the corresponding sampling is largely
non-random. In contrast, it should be possible to apply
more regular sampling schemes for smaller animals such as
ground-dwelling common insects or for many sessile plant
species. A useful recommendation is that, prior to analyz-
ing population structure, researchers should determine the
patterns of local autocorrelation and then carefully con-
siders how these patterns may influence the results (Fortin
and Dale 2005; Schwartz and McKelvey 2009).

Other critical attributes of scale in landscape genetics
that have been largely overlooked are the grain, extent and
thematic resolution at which the landscape is represented
(Anderson et al. 2010). These factors together define the
spatial pattern of landscape features to which spatial pat-
terns of genetic distance or differentiation among individ-
uals or populations is correlated. A mismatch of the scale at
which data are analyzed and the scale at which pattern-
process relationships function can readily lead to incorrect
inferences (Wiens 1989; Dungan et al. 2002; Thompson
and McGarigal 2002). In landscape genetics spatial reso-
lution is still an almost unexplored area. Often, landscape
information is gathered from existing GIS data bases that
have fixed resolution (grid-cell size or grain), a fixed
number of landscape features or environmental factors
considered and a given known level of uncertainty.
A spatial resolution of 25 x 25 m grid size, coarse infor-
mation on topography and climatic conditions and a simple
categorisation of the land cover into open land, forest,
settlements, roads etc. can be sufficient to study landscape
effects on movement and gene flow in larger vertebrates
such as mountain lions or roe deer. On the other hand such
a low resolution of landscape data is probably inappropri-
ate for the analysis of small mammals such as mice and
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voles, let alone insects, which might be affected by subtle
changes in habitats at very small spatial scales. Simulation
models can be used to evaluate the sensitivity of pattern-
process inferences in landscape genetics to misspecifica-
tion of the extent, grain and thematic resolution of the
landscape. Cushman and Landguth (in press b) demonstrate
very high sensitivity to incorrect specification of landscape
resistance hypotheses (thematic resolution), but apparently
much lower sensitivity to incorrect landscape grain. Thus,
to obtain reliable inferences about relationships between
landscape patterns and gene flow processes it is essential to
carefully consider the thematic resolution of landscape data.
It is surprising that the effects of the resolution of landscape
data have received so little attention in the landscape genetic
literature. Successful future application of landscape genet-
ics to conservation biology requires that these problems of
resolution be addressed in much more detail.

Inferring isolation by distance and dispersal barriers
using pairwise relatedness between individuals

Within a homogeneous habitat spatial genetic structure
(SGS) arises whenever gene dispersal distances are limited
due to local genetic drift. Wright (1943) called this
phenomenon “isolation by distance” and showed that
the neighbourhood size, defined as Nb = 4nDg? where
D is the effective population density and ¢ is half of the
mean square parent-offspring distance, largely determines
the intensity of genetic differentiation. Malecot (1948)
addressed the question of how relatedness between indi-
viduals decreases with spatial distance under isolation by
distance. His approach was refined in subsequent works,
leading to methods able to infer Nb from spatial genotypic
data (e.g. Rousset 1997, 2000; Hardy and Vekemans 1999;
Epperson 2007). Hence, SGS can provide information on
gene dispersal distances through synthetic parameters, Nb
and o, leading to so called “indirect” estimates. Because
SGS builds up over several generations before reaching a
quasi-equilibrium state, SGS-based inferences of gene
dispersal refer to past dispersal and assume drift-dispersal
equilibrium, isotropic dispersal and constant density in
space and time.

Several methods have been used to characterize SGS
using genotypic data. For example, Rousset (2000) intro-
duced a genetic distance metric between individuals (a,)
analogue to pairwise Fgr/(1 — Fgt) measures between
populations. He quantified SGS by the rate of increase of a,
with the logarithm of distance, showing that, in a two-
dimensional population, the rate is inversely proportional
to Nb. As Nb = 4nD02, o can then be extracted if the
value of D is known (Epperson 2007). SGS has often been
characterized by spatial autocorrelograms using Moran’s
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statistic applied on allele frequencies measured at the
individual level (Sokal and Wartenberg 1983; Epperson
1995, 2003). Hardy and Vekemans (1999) showed that
Moran’s [ statistic estimates the mean relatedness between
individuals separated by a given distance class. They
adapted the approach proposed by Rousset (2000) to esti-
mate Nb using the distance decay of pairwise kinship
coefficients, a metric that can be applied to selfing organ-
isms, haploid genomes, or using dominant markers, unlike
the a, metric (Hardy and Vekemans 1999; Hardy et al.
2006). Two free software programs implement these
approaches: GENEPOP (Rousset 2008) uses the a, metric
or an alternative estimator (e,) with better statistical prop-
erties (Watts et al. 2007), and SPAGeDi (Hardy and
Vekemans 2002), which applies the a, metric or other
estimators of kinship coefficients.

SGS-based estimates are valuable for a first estimation
of gene dispersal distances (through the synthetic param-
eter o) while other methods are required to obtain exact
details on patterns of gene flow (shape of dispersal curves,
anisotropy, asymmetrical contributions of fathers to off-
spring etc.). Most comparisons between SGS-based esti-
mates and direct estimates of gene flow (e.g. using
parentage analysis) find that they are congruent within a
factor of two (Rousset 2000; Fenster et al. 2003; Oddou-
Muratorio et al. 2004). However, they are only reliable if
gene dispersal processes are sufficiently homogenous
throughout the landscape (i.e. no major barriers). There-
fore, Born et al. (2008) suggest to apply a Bayesian clus-
tering technique first to identify potential discontinuities
that might reflect major barriers or historical effects and to
only then estimate gene dispersal distances within genetic
clusters.

Most applications of landscape genetics to conservation
biology involve heterogeneous landscapes, seeking to
detect genetic discontinuities reflecting major barriers to
gene flow diverging populations. Once pre-defined
hypotheses are formulated regarding the location of phys-
ical barriers, pairwise relatedness measures between indi-
viduals can be used to test these hypotheses by contrasting
kinship among pairs of individuals belonging to the same
putative gene pool (“intra-group”) versus individuals
belonging to separated gene pools (“inter-group”), or for
pairs of individuals located on the same side of a putative
barrier versus individuals from different sides of the barrier
(Hardy and Vekemans 2002). Such contrasts can be applied
to situations relevant to conservation, such as roads,
streams or mountain ranges.

It should be noted that formal testing for differences
between intra-group and inter-group curves is challenging.
While randomization of the spatial positions of individuals
provides an adequate way to test the slope of the intra-
group curve (test of isolation by distance), it is not

adequate to test the slope of the inter-group curve. The
problem arises because an ideal randomization test should
separate the spatial correlation of allele frequencies
between putative gene pools from the spatial structure
within each gene pool, whereas randomization of spatial
positions only separates the latter. As a result, such tests
can produce many false negatives, a problem similar to
problems associated with partial Mantel tests (Raufaste and
Rousset 2001). Alternative testing procedures, such as
restricted randomization procedures (Fortin and Dale 2005)
are clearly needed.

A limitation of inferences based on isolation by distance
mathematical models is that the results strongly depend on
the assumption of migration-drift equilibrium (Rousset
1997). However, applications of landscape genetics to
conservation biology will often deal with non-equilibrium
situations, because of the highly dynamic nature of modern
human influenced landscapes (Lindenmayer et al. 2008).
Both theory and simulations (the latter rely not on equi-
librium, but “quasi-equilibrium” from recent generations)
have shown that the patterns of isolation by distance
expected under scenarios of range expansion or other non-
equilibrium models can differ dramatically from those
under equilibrium models (Slatkin 1993). As a conse-
quence, a future field of investigation for landscape
geneticists is the study of population genetic structure and
isolation by distance under computer-simulated dynamical
models of spatial expansion, contraction, fusion and fission
of populations.

Bayesian methods

The Bayesian approach shows promise for addressing con-
servation biology issues (Ellison 2004). Briefly, Bayesian
statistics is a framework of statistical inference which aims
at calculating posterior probability distributions for param-
eters of interest, using prior distributions for these parame-
ters, updated based on the data. The characteristics of
Bayesian analysis that are attractive to landscape genetics
include their ability to be used to (1) tackle complex infer-
ence problems using computationally intensive techniques,
(2) model individual genetic variability with hierarchical
individual-based approaches, and (3) incorporate back-
ground information into the specification of population
structure models via spatially explicit priors.

An example of a hierarchical individual-based Bayesian
model that has been successfully applied in landscape
genetics is the algorithm implemented in the program
STRUCTURE (Pritchard et al. 2000). The program esti-
mates admixture coefficients representing the proportions
of each individual genome originating from a number of
unknown source populations. Correctly assessing admixture
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is a fundamental step in understanding the short-term evo-
lution of species and the relative influence of landscape
features on population structure. Since admixture may
result from processes that are intrinsically spatial, for
example following regional migration of populations,
recent improvements of Bayesian assignment methods have
incorporated geographically explicit prior distributions in
their models (see Chen et al. 2007). Landscape ecologists
have long understood that spatial autocorrelation and geo-
graphic trends in the data could bias parameter inference
(Lichstein et al. 2002). To overcome this issue, Durand et al.
(2009) have proposed an algorithm that includes spatial
autocorrelation and geographic trends within an individual
model of admixture. Implemented in the program TESS,
their algorithm has been used to document the existence of a
contact zone for the killifish Fundulus heteroclitus (Durand
et al. 2009), study the population structure of caribou
(Rangifer tarandus) in the Rocky Mountains and evaluate
the permeability of rivers to racoon (Procyon lotor) gene
flow in Ontario (Cullingham et al. 2009; McDevitt et al.
2009).

Bayesian methods have also been proposed for inferring
contemporary or recent migration rates using individual
multilocus genotypes (Wilson and Rannala 2003). An
important aspect of these models is that they can incor-
porate the effects of environmental or landscape variables
(Foll and Gaggiotti 2006; Faubet and Gaggiotti 2008).
Bayesian population genetic methods can also be applied to
describe potential adaptations in species, by identifying
outlier loci physically linked to genes under selection
through separating neutral effects from adaptive effects
based on locus-specific population differentiation coeffi-
cients (Beaumont and Balding 2004). For instance, Foll
and Gaggiotti (2008) applied this method it to the peri-
winkle Littorina saxatilis and identified 21 molecular
markers of adaptive relevance.

Another important class of Bayesian methods deals with
the inference of demographic parameters using genealogy
(Kuhner 2009). Coalescent genealogy samplers are
Bayesian programs that aim to estimate parameters influ-
encing the demographic history of species. Such parame-
ters include effective population sizes, growth rates,
migration rates or divergence times between populations.
Coalescent genealogy sampler approaches are particularly
useful in landscape genetics and conservation because they
can consider non-equilibrium dynamics and recent diver-
gence of populations. For example, the program BEAST
has a nonparametric model of population growth based on
a Bayesian skyline plot, which is a graph showing the curve
of inferred population size over time (Drummond and
Rambaut 2007). The software IM considers two popula-
tions that have recently diverged from a common ancestor.
This program estimates the divergence time and migration
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rates between the diverging populations (Hey and Nielsen
2004).

Although sophisticated models of population structure
and demography can be implemented by coalescent
genealogy samplers, they are currently restricted to a
particular set of scenarios. Hence, there is a need to
consider more flexible methods. One of these methods,
Approximate Bayesian Computation (ABC) is well-suited
to complex problems (e.g. a large number of markers),
which would be intractable using likelihood methods
(Beaumont et al. 2002). ABC is based on simulations of
population genetic models using parameters drawn from
prior distributions. A set of summary statistics is then
calculated for each simulated sample and compared with
the values for the observed sample. Parameters generating
summary statistics close enough to the observed data are
retained to form an approximate sample from the pos-
terior distribution (Marjoram and Tavare 2006; Blum and
Francois 2010).

ABC approaches can estimate effective population sizes
(Tallmon et al. 2004, 2008), migration rates after spatial
expansion (Hamilton et al. 2005), levels of genetic intro-
gression and admixture (Excoffier et al. 2005) or diver-
gence time and gene flow in phylogeographic models
(Hickerson et al. 2006). ABC has been successfully applied
to inferring the demographic history of the cane toad Bufo
marinus (Estoup et al. 2004), Drosophila melanogaster
(Thornton and Andolfatto 2006), the model plant Arabid-
opsis thaliana in Europe (Francois et al. 2008) or the
bullhead Corttus gobio in the Swiss Rhine basin
(Neuenschwander et al. 2008b). The latter two studies used
individual-based simulation programs designed for the
study of the evolution of life history traits and population
genetics in a spatially explicit framework (Currat et al.
2004; Guillaume and Rougemont 2006; Strand and
Niehaus 2007). ABC analyses are greatly facilitated by the
availability of powerful coalescent simulation programs
such as MS (Hudson 2002) or SIMCOAL (Laval and
Excoffier 2004).

An increasing use of Bayesian methods in landscape
genetic applications to conservation biology is expected
because of their flexibility in developing solutions for the
complexity of processes in species of conservation concern
such as small populations size and complex patterns of
dispersion (Beaumont and Rannala 2004; Storfer et al.
2007). Individual-based simulation is also becoming
increasingly useful in landscape ecology and genetics (e.g.
(Dunning et al. 1995; Wagner et al. 2006). However, the
use of Bayesian approaches also generates problems. For
instance, the interpretation of a high number of parameters
fixed by the user to reach convergence is not always easy
and may require caution and eventually the help of an
experimented user.
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Inference from landscape resistance:
from populations to individuals

In the past, most landscape analyses have represented
landscapes as mosaics of categorically different patches.
However, in conservation biology it is important to rec-
ognize that ecological systems are often more accurately
described as multi-scale gradient systems than as categor-
ical hierarchies (Evans and Cushman 2009). In some cases,
such as pond and lake systems, oceanic islands or strongly
isolated fragmented populations classic Wright-Fisher
population genetic models are appropriate. In other cases
where the population is continuously distributed in a uni-
form environment, an isolation by distance model is
appropriate (Wright 1943). In many cases however, pop-
ulations have marked internal structure, and it is often
difficult to define discrete boundaries among populations.
In such cases, it may be desirable to adopt a gradient
perspective on population structure that allows flexible
analysis of pattern-process relationships across multiple
spatial scales (Anderson et al. 2010). Cushman and Land-
guth (in press a) used an individual-level, gradient frame-
work for landscape genetics that allows the integration of
Wright-Fisher discrete, panmictic populations and isolation
by distance (Wright 1943) as special cases in a generalized
model of population structure in complex landscapes. This
integration allows the use of idealized simple models when
they match the pattern-process relationship of a study
system, while simultaneously allowing analysis of spatially
more complex pattern-process relationships within the
same analytical framework. By representing both the
genetic dependent variables and the landscape resistance
variables as continuous gradients, it is then possible to test
competing hypotheses of the effects of landscape structure
on gene flow in one synthetic analysis.

Hypothesis testing in landscape genetics entails large
risks of incorrect attribution of causality behind observed
genetic patterns (Cushman and Landguth in press a). A few
authors have tested one or a few landscape resistance
models against global panmixia, barriers or isolation by
distance. These studies usually interpret the higher support
for one of their models as definitive evidence that the model
is correct and reflects the factors affecting population con-
nectivity. On the other hand, using a multi-hypothesis, causal
modeling approach Cushman et al. (2006) showed that gra-
dients of landscape structure were the predominant drivers of
gene flow in a study population of black bears and neither a
classic Wright-Fisher discretely bounded, panmictic popu-
lation structure nor a simple alternative of isolation by
distance could be supported.

Moving from representing populations as discrete, non-
overlapping patches to gradients of differentially related
individuals in complex landscapes should improve our

ability to understand population structure and gene flow in
complex and dynamical landscapes. There is a need to
predict regional conservation corridors and quantify the
degree of expected connectivity between specific areas
(e.g. Fall et al. 2007; McRae and Beier 2007). Rigorous
identification of the factors that drive gene flow in complex
landscapes and the scales at which they are operative is a
foundation of reliable mapping of conservation corridors.
Specifically, reliable mapping of corridors must be based
on a correct representation of the local resistance of the
landscape relative to the organism of focus (Cushman et al.
2009a). With such understanding it becomes possible to
predict optimal movement corridors for species of concern.
This is essential for informed management and conserva-
tion planning, as corridors built from false assumptions
regarding landscape resistance will likely fail to deliver the
desired conservation benefits.

Simulation modelling

In landscape genetic applications to conservation biology, a
key approach is the combination of empirical analyses of
genetic patterns with computer simulation to identify rel-
evant processes (Cushman 2006; Epperson et al. 2010).
This increases our criterion for validation, as a relevant
process would have to be supported by both empirical
analysis and theory. Specifically, simulations allow the
formal exploration of how predictions of classical popu-
lation genetics regarding drift, selection, genetic diversity
and effective population size change as a function of
increasingly complex landscapes.

Recently the development of new simulation programs
opens new perspectives of investigation. For example, it is
possible to simulate the evolution of populations and esti-
mate gene flow in complex landscapes. Currat et al. (2004)
introduced the software SPLATCHE (http://cmpg.unibe.
ch/software/splatche/) that allows the incorporation of vari-
ous effects of the environment in simulations of migration in
the case of population expansion and generates the molecular
genetic diversity of one or several samples drawn from the
simulated species.

Landguth and Cushman (2010) have developed the
software CDPOP as an individual-based spatially explicit
population dynamics and population genetic program that
simulates mating, dispersal and genetic exchange as prob-
abilistic functions of cost distance among individuals within
the context of complex resistant landscapes. This model has
been utilized to explore a number of pattern-process issues
central to the reliable application of landscape genetics to
conservation biology as e.g. the evaluation of the power of
statistical methods to infer relationships between landscape
patterns and gene flow or the sensitivity of landscape
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genetic inference to the scale of landscape data (Cushman
and Landguth in press a, b).

Another approach is used by IBDSIM (Leblois et al.
2009), a package for the simulation of genotypic data under
isolation by distance. It is based on a backward “generation
by generation” coalescent algorithm allowing the consid-
eration of various isolation-by-distance models with dis-
crete populations as well as continuous populations.

Landscape genetics simulation would be of particular
relevance if natural selection could be added to the simu-
lation as evolutionary processes are driven by the combi-
nation of selection, gene flow, drift and mutation, with
selection playing the dominant role in adaptation. Without
a spatially explicit model of selection within complex
landscapes it is difficult to explore the interactions between
different evolutionary processes. One of the programs
implementing such a model is QUNTINEMO (http://www2.
unil.ch/popgen/softwares/quantinemo/ (Neuenschwander et al.
2008a), which is an individual-based, genetically explicit
stochastic simulation program. It was developed to
investigate the effects of selection, mutation, recombi-
nation and drift on quantitative traits with varying
architectures in structured populations connected by gene
flow and located in a heterogeneous habitat. The
implementation of a generalized spatially landscape
explicit evolution model is an exciting undertaking that
is currently the focus of much research, and we hope-
fully anticipate that such models will be available for
broader use by conservation planning within the next few
years.

Perspectives of upcoming sequencing technologies

New DNA sequence technologies will have a number of
implications for studies of genetic variation, gene flow,
mutation and selection in an explicit spatial manner over
entire landscapes. Since 2005, several sequencing plat-
forms have become available, reducing the cost of DNA
sequencing by over two orders of magnitude (Shendure and
Ji 2008). The 454 system (Roche) was the first of the
second-generation sequencing platforms available as a
commercial product (Margulies et al. 2005). More recently,
two other second-generation DNA sequencers are
increasingly attracting attention from the scientific com-
munity: the Genetic Analyzer/Solexa (Illumina) and the
Solid DNA Sequencer (Applied Biosystems). In the next
few years, other sequencing systems (i.e. “next next”
generation sequencers) based on nanotechnologies will
become available, even opening the door for low cost
whole genome sequencing. The approaches developed by
Visigen Biotechnologies (visigenbio.com) and Pacific
Biosciences (www.pacificbiosciences.com; Eid et al. 2009)
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appear to be particularly attractive and have the goal of
sequencing whole mammalian genomes within minutes.

The new sequencing technologies have already made it
possible to generate massive amounts of DNA sequence
data for non-model species. For instance, the search for
DNA regions of adaptive relevance, the identification of
SNP markers for massive genotyping exercises is now
possible even in rare species of conservation importance,
with relatively low expenses in costs and time. These
new sequence technologies also replace the tedious and
expensive identification of microsatellite markers using
traditional cloning methods (Abdelkrim et al. 2009). Even
low coverage whole genome data can identify a large
number of suitable microsatellite loci; the most commonly
used molecular marker type in landscape genetics (Storfer
et al. 2010).

A larger coverage of the genome will enable us to get a
far better understanding of the genetic variation of indi-
viduals and populations. High resolution will also enhance
our understanding of the effects of gene flow and the
demographic history of populations, both critical parame-
ters in small endangered populations. Additionally, large
datasets will allow the identification of genomic regions
under selection. Comparing neutral and adaptive genetic
variation then would give us insight into the impact of drift
and selection in natural populations, and we could improve
our understanding of local adaptation in both individuals
and populations.

If this becomes possible, then the sampling of study
individuals, bioinformatics, computing time and data stor-
age will replace genotyping as the limiting factors in
genetic analysis (Manel and Segelbacher 2009). With
respect to landscape genetics and conservation biology,
sampling and field work might then become the restricting
parts of an investigation, while genetic analysis no longer
exerts relevant limits. In any case, we believe that, in the
near future, genetic investigations will play an even more
important role in conservation biology and practical man-
agement. The next technical revolution will complement
our increasingly varied and powerful analytical approaches
to analyze genetic variation, both neutral and adaptive,
within landscapes.

Conclusions

Landscape genetic methods provide a powerful framework
for directly analyzing relationships between population
processes and landscape structure at relevant spatial and
temporal scales. For instance, it enables researchers to test
multiple competing hypotheses about the role of specific
landscape features and environmental conditions in affect-
ing population connectivity. More generally, it increases
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our ability to make detailed inferences about movement and
gene flow and potentially adaptation at the landscape level.
These advances will prove to be exceptionally valuable to
efforts in applied conservation biology. For example,
understanding the landscape features that drive gene flow,
the spatial scales at which they act, and the temporal
dynamics of their effects on population substructure is
essential to effectively use genetic data as a tool for eval-
uating population status and fragmentation. In addition,
using this understanding to predict, localize and implement
empirically based conservation corridors should greatly
improve the successfulness of efforts to promote landscape
connectivity of species at risk due to fragmentation. The
potential of landscape genetics to address large-scale connec-
tivity questions is particularly important in the face of global
climate change, which is coupled with accelerating habitat loss
and degradation. Finally, it is the combination of various
analytical approaches with simulation modeling, which will be
of particular help to interpret landscape genetic results and to
infer adequate strategies in conservation management.

Acknowledgment We thank the ESF programme ConGen for
funding the workshop “Landscape Genetics” in Grenoble 2008.

References

Abdelkrim J, Robersten BC, Stanton J-A, Gemmell NJ (2009) Fast,
cost-effective development of species-specific microsatellite
markers by genome sequencing. Biotechniques 46:185-191

Anderson C, Epperson BK, Fortin MJ, Holderegger R, James PMA,
Rosenberg MS, Scribner KT, Spear S (2010) The importance of
spatial and temporal scale in landscape genetics. Mol Ecol
(submitted)

Angelone S, Holderegger R (2009) Population genetics suggests
effectiveness of habitat connectivity measures for the European
tree frog in Switzerland. J Appl Ecol 46:879-887

Baguette M, Van Dyck H (2007) Landscape connectivity and animal
behavior: functional grain as a key determinant for dispersal.
Landsc Ecol 22:1117-1129

Barton NH, Wilson I (1995) Genealogies and geography. Philos Trans
R Soc Lond B 349:49-59

Beaumont MA, Balding DJ (2004) Identifying adaptive genetic
divergence among populations from genome scans. Mol Ecol
13:969-980

Beaumont MA, Rannala B (2004) The Bayesian revolution in
genetics. Nat Rev Genet 5:251-261

Beaumont MA, Zhang WY, Balding DJ (2002) Approximate Bayesian
computation in population genetics. Genetics 162:2025-2035

Blum MGB, Francois O (2010) Non linear regression models for
approximate Bayesian computation. Stat Comput 20:63-73

Born C, Hardy OJ, Ossari S, Attéké C, Wickings EJ, Chevallier MH,
Hossaert-McKey M (2008) Small-scale spatial genetic structure
in the Central African rainforest tree species, Aucoumea
klaineana: a hierarchical approach to infer the impact of limited
gene dispersal, population history and habitat fragmentation.
Mol Ecol 17:2041-2050

Bowman J, Jaeger JAG, Fahrig L (2002) Dispersal distance of
mammals is proportional to home range size. Ecology 83:
2049-2055

Chen C, Durand E, Forbes F, Francois O (2007) Bayesian clustering
algorithms ascertaining spatial population structure: a new
computer program and a comparison study. Mol Ecol Notes
7:747-756

Cullingham CI, Kyle CJ, Pond BA, Rees EE, White BN (2009)
Different permeability of rivers to raccoon gene flow corre-
sponds to rabies incidence in Ontario, Canada. Mol Ecol
18:43-53

Currat M, Ray N, Excoffier L (2004) SPLATCHE: a program to
simulate genetic diversity taking into account environmental
heterogeneity. Mol Ecol Notes 4:139-142

Cushman SA (2006) Effects of habitat loss and fragmentation
on amphibians: a review and prospectus. Biol Conserv 128:
231-240

Cushman SA, McKelvey KS, Hayden J, Schwartz MK (2006) Gene
flow in complex landscapes: testing multiple hypotheses with
causal modeling. Am Nat 168:486—499

Cushman SA, Landguth EL (in press a) Spurious correlations and
inference in landscape genetics. Mol Ecol

Cushman SA, Landguth EL (in press b) Scale dependency in
landscape genetic inference. Land Ecol

Cushman SA, McKelvey KS, Schwartz MK (2009a) Use of empir-
ically derived source-destination models to map regional
conservation corridors. Conserv Biol 23:368-376

Cushman SA, Gutzwiller K, Evans J, McGarial K (2009b) The
gradient paradigm: a conceptual and analytical framework for
landscape ecology. In: Cushman SA, Huettmann F (eds) Spatial
complexity, informatics and wildlife conservation. Springer,
Tokyo, pp 83-110

Drummond AJ, Rambaut A (2007) BEAST: Bayesian evolutionary
analysis by sampling trees. BMC Evol Biol 7:214

Dungan JL, Perry JN, Dale MRT, Legendre P, Citron-Pousty S, Fortin
MlJ, Jakomulska A, Miriti M, Rosenberg MS (2002) A balanced
view of scale in spatial statistical analysis. Ecography 25:
626-640

Dunning JB, Stewart DJ, Danielson BJ, Noon BR, Root TL,
Lamberson RH, Stevens EE (1995) Spatially explicit population
models current forms and future uses. Ecol Appl 5:3-11

Durand E, Jay F, Gaggiotti OE, Francois O (2009) Spatial inference
of admixture proportions and secondary contact zones. Mol Biol
Evol 26:1963-1973

Eid J, Fehr A, Gray J, Luong K, Lyle J, Otto G, Peluso P, Rank D,
Baybayan P, Bettman B, Bibillo A, Bjornson K, Chaudhuri B,
Christians F, Cicero R, Clark S, Dalal R, Dewinter A, Dixon J,
Foquet M, Gaertner A, Hardenbol P, Heiner C, Hester K, Holden
D, Kearns G, Kong XX, Kuse R, Lacroix Y, Lin S, Lundquist P,
Ma CC, Marks P, Maxham M, Murphy D, Park I, Pham T,
Phillips M, Roy J, Sebra R, Shen G, Sorenson J, Tomaney A,
Travers K, Trulson M, Vieceli J, Wegener J, Wu D, Yang A,
Zaccarin D, Zhao P, Zhong F, Korlach J, Turner S (2009) Real-
time DNA sequencing from single polymerase molecules.
Science 323:133-138

Ellison AM (2004) Bayesian inference in ecology. Ecol Lett 7:509—
520

Epperson BK (1995) Spatial distribution of genotypes under isolation
by distance. Genetics 140:1431-1440

Epperson BK (2003) Geographical genetics. Princeton University
Press, Princeton

Epperson BK (2004) Multilocus estimation of genetic structure within
populations. Theor Popul Biol 65:227-237

Epperson BK (2007) Plant dispersal, neighbourhood size and isolation
by distance. Mol Ecol 16:3854-3865

Epperson BK, McRae B, Scribner KT, Cushman SA, Rosenberg MS,
Fortin MJ, James PMA, Murphy M, Manel S, Legendre P, Dale
MRT (2010) Utility of computer simulations in landscape
genetics. Mol Ecol (submitted)

@ Springer



384

Conserv Genet (2010) 11:375-385

Epps CW, Palsboll PJ, Wehausen JD, Roderick GK, Ramey IR,
McCullough DR (2005) Highways block gene flow and cause a
rapid decline in genetic diversity of desert bighorn sheep. Ecol
Lett 8:1029-1038

Estoup A, Beaumont M, Sennedot F, Moritz C, Cornuet JM (2004)
Genetic analysis of complex demographic scenarios: spatially
expanding populations of the cane toad, Bufo marinus. Evolution
58:2021-2036

Evans JS, Cushman SA (2009) Gradient modeling of conifer species
using random forests. Landsc Ecol 24:673-683

Excoffier L, Estoup A, Cornuet JM (2005) Bayesian analysis of an
admixture model with mutations and arbitrarily linked markers.
Genetics 169:1727-1738

Fahrig L, Merriam G (1985) Habitat patch connectivity and
population survival. Ecology 66:1762-1768

Fall A, Fortin MJ, Manseau M, O’Brien D (2007) Spatial graphs:
principles and applications for habitat connectivity. Ecosystems
10:448-461

Faubet P, Gaggiotti OE (2008) A new Bayesian method to identify the
environmental factors that influence recent migration. Genetics
178:1491-1504

Fenster CB, Vekemans X, Hardy OJ (2003) Quantifying gene flow
from spatial genetic structure data in a metapopulation of Chamae-
crista fasciculata (Leguminosae). Evolution 57:995-1007

Fischer J, Lindenmayer DB (2007) Landscape modification and habitat
fragmentation: a synthesis. Glob Ecol Biogeogr 16:265-280

Foll M, Gaggiotti O (2006) Identifying the environmental factors that
determine the genetic structure of Populations. Genetics 174:
875-891

Foll M, Gaggiotti O (2008) A genome-scan method to identify
selected loci appropriate for both dominant and codominant
markers: a Bayesian perspective. Genetics 180:977-993

Fortin MJ, Dale MRT (2005) Spatial analysis. A guide for ecologists.
Cambridge University Press, Cambridge

Francois O, Blum MGB, Jakobsson M, Rosenberg NA (2008)
Demographic history of European populations of Arabidopsis
thaliana. PLoS Genet 4:¢1000075

Guillaume F, Rougemont J (2006) Nemo: an evolutionary and
population genetics programming framework. Bioinformatics 22:
2556-2557

Hamilton G, Currat M, Ray N, Heckel G, Beaumont M, Excoffier L
(2005) Bayesian estimation of recent migration rates after a
spatial expansion. Genetics 170:409—417

Hardy OJ, Vekemans X (1999) Isolation by distance in a continuous
population: reconciliation between spatial autocorrelation anal-
ysis and population genetics models. Heredity 83:145-154

Hardy OJ, Vekemans X (2002) SPAGEDi: a versatile computer
program to analyse spatial genetic structure at the individual or
population levels. Mol Ecol Notes 2:618-620

Hardy OJ, Maggia L, Bandou E, Breyne P, Caron H, Chevallier MH,
Doligez A, Dutech C, Kremer A, Latouche-Halle C, Troispoux
V, Veron V, Degen B (2006) Fine-scale genetic structure and
gene dispersal inferences in 10 Neotropical tree species. Mol
Ecol 15:559-571

Heller NE, Zavaleta ES (2009) Biodiversity management in the face
of climate change: a review of 22 years of recommendations.
Biol Conserv 142:14-32

Hey J, Nielsen R (2004) Multilocus methods for estimating popula-
tion sizes, migration rates and divergence time, with applications
to the divergence of Drosophila pseudoobscura and D-persimilis.
Genetics 167:747-760

Hickerson MJ, Stahl EA, Lessios HA (2006) Test for simultaneous
divergence using approximate Bayesian computation. Evolution
60:2435-2453

Holderegger R, Wagner HH (2008) Landscape genetics. Bioscience
58:199-207

@ Springer

Hudson RR (2002) Generating samples under a Wright-Fisher neutral
model of genetic variation. Bioinformatics 18:337-338

Hutchison DW, Templeton AR (1999) Correlation of pairwise genetic
and geographic distance measures: inferring the relative influ-
ences of gene flow and drift on the distribution of genetic
variability. Evolution 53:1898-1914

Kindlmann P, Burel F (2008) Connectivity measures: a review.
Landsc Ecol 23:879-890

Kuhner MK (2009) Coalescent genealogy samplers: windows into
population history. Trends Ecol Evol 24:86-93

Lande R (1987) Extinction thresholds in demographic models of
territorial populations. Am Nat 130:624-635

Landguth EL, Cushman SA (2010) cdpop: a spatially explicit cost
distance population genetics program. Mol Ecol Resour 10:156-161

Laval G, Excoffier L (2004) SIMCOAL 2.0: a program to simulate
genomic diversity over large recombining regions in a subdi-
vided population with a complex history. Bioinformatics 20:
2485-2487

Leblois R, Estoup A, Rousset F (2009) IBDSim: a computer program
to simulate genotypic data under isolation by distance. Mol Ecol
Resour 9:107-109

Lichstein JW, Simons TR, Shriner SA, Franzreb KE (2002) Spatial
autocorrelation and autoregressive models in ecology. Ecol
Monogr 72:445-463

Lindenmayer D, Hobbs RJ, Montague-Drake R, Alexandra J, Bennett
A, Burgman M, Cale P, Calhoun A, Cramer V, Cullen P, Driscoll
D, Fahrig L, Fischer J, Franklin J, Haila Y, Hunter M, Gibbons
P, Lake S, Luck G, MacGregor C, Mclntyre S, Mac Nally R,
Manning A, Miller J, Mooney H, Noss R, Possingham H,
Saunders D, Schmiegelow F, Scott M, Simberloff D, Sisk T,
Tabor G, Walker B, Wiens J, Woinarski J, Zavaleta E (2008) A
checklist for ecological management of landscapes for conser-
vation. Ecol Lett 11:78-91

Malecot G (1948) Les mathematiques de 1’heredite. Masson et Cie,
Paris, 63 pp

Manel S, Segelbacher G (2009) Perspectives and challenges in
landscape genetics. Mol Ecol 18:1821-1822

Manel S, Schwartz MK, Luikart G, Taberlet P (2003) Landscape
genetics: combining landscape ecology and population genetics.
Trends Ecol Evol 18:189-197

Manel S, Gaggiotti OE, Waples RS (2005) Assignment methods:
matching biological questions with appropriate techniques.
Trends Ecol Evol 20:136-142

Margulies M, Egholm M, Altman WE, Attiya S, Bader JS, Bemben
LA, Berka J, Braverman MS, Chen YJ, Chen ZT, Dewell SB, Du
L, Fierro JM, Gomes XV, Godwin BC, He W, Helgesen S, Ho
CH, Irzyk GP, Jando SC, Alenquer MLI, Jarvie TP, Jirage KB,
Kim JB, Knight JR, Lanza JR, Leamon JH, Lefkowitz SM, Lei
M, Li J, Lohman KL, Lu H, Makhijani VB, McDade KE,
McKenna MP, Myers EW, Nickerson E, Nobile JR, Plant R, Puc
BP, Ronan MT, Roth GT, Sarkis GJ, Simons JF, Simpson JW,
Srinivasan M, Tartaro KR, Tomasz A, Vogt KA, Volkmer GA,
Wang SH, Wang Y, Weiner MP, Yu PG, Begley RF, Rothberg
JM (2005) Genome sequencing in microfabricated high-density
picolitre reactors. Nature 437:376-380

Marjoram P, Tavare S (2006) Modern computational approaches for
analysing molecular genetic variation data. Nat Rev Genet 7:
759-770

Marsh DM, Page RB, Hanlon TJ, Corritone R, Little EC, Seifert DE,
Cabe PR (2008) Effects of roads on patterns of genetic
differentiation in red-backed salamanders, Plethodon cinereus.
Conserv Genet 9:603-613

McDevitt AD, Mariani S, Hebblewhite M, Decesare NJ, Morgantini
L, Seip D, Weckworth BV, Musiani M (2009) Survival in the
Rockies of an endangered hybrid swarm from diverged caribou
(Rangifer tarandus) lineages. Mol Ecol 18:665-679



Conserv Genet (2010) 11:375-385

385

McGarigal K, Cushman SA (2002) Comparative evaluation of
experimental approaches to the study of habitat fragmentation
effects. Ecol Appl 12:335-345

McRae BH, Beier P (2007) Circuit theory predicts gene flow in plant
and animal populations. Proc Natl Acad Sci USA 104:19885-
19890

Muirhead JR, Gray DK, Kelly DW, Ellis SM, Heath DD, Macisaac HJ
(2008) Identifying the source of species invasions: sampling
intensity vs. genetic diversity. Mol Ecol 17:1020-1035

Neuenschwander S, Hospital F, Guillaume F, Goudet J (2008a)
quantiNemo: an individual-based program to simulate quantita-
tive traits with explicit genetic architecture in a dynamic
metapopulation. Bioinformatics 24:1552—1553

Neuenschwander S, Largiader CR, Ray N, Currat M, Vonlanthen P,
Excoffier L (2008b) Colonization history of the Swiss Rhine
basin by the bullhead (Cottus gobio): inference under a Bayesian
spatially explicit framework. Mol Ecol 17:757-772

O’Brien D, Manseau M, Fall A, Fortin MJ (2006) Testing the
importance of spatial configuration of winter habitat for wood-
land caribou: an application of graph theory. Biol Conserv
130:70-83

Oddou-Muratorio S, Demesure-Musch B, Pelissier R, Gouyon PH
(2004) Impacts of gene flow and logging history on the local
genetic structure of a scattered tree species, Sorbus torminalis L.
Crantz. Mol Ecol 13:3689-3702

Pritchard JK, Stephens M, Donnelly P (2000) Inference of population
structure using multilocus genotype data. Genetics 155:945-959

Raufaste N, Rousset F (2001) Are partial mantel tests adequate?
Evolution 55:1703-1705

Riley SPD, Pollinger JP, Sauvajot RM, York EC, Bromley C, Fuller
TK (2006) A southern California freeway is a physical and social
barrier to gene flow in carnivores. Mol Ecol 15:1733-1741

Rousset F (1997) Genetic differentiation and estimation of gene flow
from F-statistics under isolation by distance. Genetics 145:1219—
1228

Rousset F (2000) Genetic differentiation between individuals. J Evol
Biol 13:58-62

Rousset F (2008) GENEPOP ‘007: a complete re-implementation of
the GENEPOP software for Windows and Linux. Mol Ecol
Resour 8:103-106

Schwartz MK, McKelvey KS (2009) Why sampling scheme matters:
the effect of sampling scheme on landscape genetic results.
Conserv Genet 10:441-452

Segelbacher G, Tomiuk J, Manel S (2008) Temporal and spatial
Temporal and spatial analyses disclose consequences of habitat
fragmentation on the genetic diversity in capercaillie (Tetrao
urogallus). Mol Ecol 17:2356-2367

Shendure J, Ji HL (2008) Next-generation DNA sequencing. Nat
Biotechnol 26:1135-1145

Slatkin M (1993) Isolation by distance in equilibrium and nonequi-
librium populations. Evolution 47:264-279

Sokal RR, Wartenberg DE (1983) A test of spatial auto correlation
analysis using an isolation by distance model. Genetics 105:
219-237

Storfer A, Murphy MA, Evans JS, Goldberg CS, Robinson S, Spear
SF, Dezzani R, Delmelle E, Vierling L, Waits LP (2007) Putting
the ‘landscape’ in landscape genetics. Heredity 98:128—142

Storfer A, Murphy MA, Holderegger R, Spear SF, Waits LP (2010)
Landscape genetics: where are we now? Mol Ecol (submitted)

Strand AE, Niehaus JM (2007) KERNELPOP, a spatially explicit
population genetic simulation engine. Mol Ecol Notes 7:969-973

Sutherland GD, Harestad AS, Price K, Lertzman KP (2000) Scaling
of natal dispersal distances in terrestrial birds and mammals.
Conserv Ecol 4:16

Tallmon DA, Luikart G, Beaumont MA (2004) Comparative evalu-
ation of a new effective population size estimator based on
approximate Bayesian computation. Genetics 167:977-988

Tallmon DA, Koyuk A, Luikart G, Beaumont MA (2008) ONeSAMP:
a program to estimate effective population size using approxi-
mate Bayesian computation. Mol Ecol Resour 8:299-301

Thompson CM, McGarigal K (2002) The influence of research scale
on bald eagle habitat selection along the lower Hudson River,
New York (USA). Landsc Ecol 17:569-586

Thornton K, Andolfatto P (2006) Approximate Bayesian inference
reveals evidence for a recent, severe bottleneck in a Netherlands
population of Drosophila melanogaster. Genetics 172:1607—
1619

Van Dyck H, Baguette M (2005) Dispersal behaviour in fragmented
landscapes: routine or special movements? Basic Appl Ecol
6:535-545

Vekemans X, Hardy OJ (2004) New insights from fine-scale spatial
genetic structure analyses in plant populations. Mol Ecol
13:921-935

Vignieri SN (2005) Streams over mountains: influence of riparian
connectivity on gene flow in the Pacific jumping mouse (Zapus
trinotatus). Mol Ecol 14:1925-1937

Wade MJ, McCauley DE (1988) Extinction and recolonization—their
effects on the genetic differentiation of local populations.
Evolution 42:995-1005

Wagner HH, Werth S, Kalwij JM, Bolli JC, Scheidegger C (2006)
Modelling forest recolonization by an epiphytic lichen using a
landscape genetic approach. Landsc Ecol 21:849-865

Watts PC, Saccheri 1J, Kemp SJ, Thompson DJ (2007) Effective
population sizes and migration rates in fragmented populations
of an endangered insect (Coenagrion mercuriale: Odonata).
J Anim Ecol 76:790-800

Wiens JA (1989) Spatial scaling in ecology. Funct Ecol 3:385-397

Wilson GA, Rannala B (2003) Bayesian inference of recent migration
rates using multilocus genotypes. Genetics 163:1177-1191

With KA, King AW (1999) Extinction thresholds for species in fractal
landscapes. Conserv Biol 13:314-326

Wright S (1943) Isolation by distance. Genetics 28:114—138

@ Springer



	Applications of landscape genetics in conservation biology: concepts and challenges
	Abstract
	Introduction
	Problems of sampling design
	Inferring isolation by distance and dispersal barriers using pairwise relatedness between individuals
	Bayesian methods
	Inference from landscape resistance:  from populations to individuals
	Simulation modelling
	Perspectives of upcoming sequencing technologies
	Conclusions
	Acknowledgment
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [5952.756 8418.897]
>> setpagedevice


