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Abstract

Landscape genetics aims to assess the effect of the landscape on intraspecific genetic

structure. To quantify interdeme landscape structure, landscape genetics primarily uses

landscape resistance surfaces (RSs) and least-cost paths or straight-line transects.

However, both approaches have drawbacks. Parameterization of RSs is a subjective

process, and least-cost paths represent a single migration route. A transect-based

approach might oversimplify migration patterns by assuming rectilinear migration. To

overcome these limitations, we combined these two methods in a new landscape genetic

approach: least-cost transect analysis (LCTA). Habitat-matrix RSs were used to create

least-cost paths, which were subsequently buffered to form transects in which the

abundance of several landscape elements was quantified. To maintain objectivity, this

analysis was repeated so that each landscape element was in turn regarded as migration

habitat. The relationship between explanatory variables and genetic distances was then

assessed following a mixed modelling approach to account for the nonindependence of

values in distance matrices. Subsequently, the best fitting model was selected using the

R2
� statistic. We applied LCTA and the mixed modelling approach to an empirical genetic

dataset on the endangered damselfly, Coenagrion mercuriale. We compared the results to

those obtained from traditional least-cost, effective and resistance distance analysis. We

showed that LCTA is an objective approach that identifies both the most probable

migration habitat and landscape elements that either inhibit or facilitate gene flow.

Although we believe the statistical approach to be an improvement for the analysis of

distance matrices in landscape genetics, more stringent testing is needed.
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Introduction

It is vital, for species survival, to restore gene flow

(i.e. the spread of genes between demes through migra-

tion) in areas where anthropogenic land use has

decreased or halted it. To help conservationists achieve

this goal, the discipline of landscape genetics aims to

assess the effect of landscape variables on gene flow

(Manel et al. 2003; Storfer et al. 2007, 2010; Holderegger
nce: Maarten J. van Strien, Fax: +41 44 7392 215;

ten@vstrien.nl
& Wagner 2008). To achieve this, both the interdeme

landscape structure and gene flow need to be quanti-

fied. Interdeme gene flow can be measured by genotyp-

ing individuals and calculating genetic (dis)similarity

between demes. For a review of measures for the

quantification of intraspecific genetic structure, we refer

to Meirmans & Hedrick (2011).

To quantify interdeme landscape structure, several

methods are currently used, which can be roughly clas-

sified into two categories: methods that use landscape

resistance surfaces (RSs) or transect-based analyses

(Spear et al. 2010). A landscape RS is a grid of a study
� 2012 Blackwell Publishing Ltd
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area in which each pixel is assigned a cost value based

on the hypothesized permeability to migration of the

landscape in that pixel. In many studies, interdeme

least-cost paths are calculated on these RSs (Adriaensen

et al. 2003). Either the total cost of a path (least-cost dis-

tance; Cushman et al. 2006; Perez-Espona et al. 2008;

Schwartz et al. 2009; Davis et al. 2010; Hagerty et al.

2011) or the length of a path (effective distance; Coulon

et al. 2004; Spear et al. 2005; McRae & Beier 2007) is

used as a measure for interdeme landscape structure.

Transect-based analyses quantify the landscape compo-

sition (i.e. the abundance of each landscape element) in

a straight-line transect between two demes (e.g. Pav-

lacky et al. 2009; Angelone et al. 2011; Emaresi et al.

2011).

Both these approaches have shortcomings. The

parameterization of RSs usually requires subjective

decisions about the species-specific cost value of a cer-

tain landscape element (Adriaensen et al. 2003; Holde-

regger & Wagner 2008; Spear et al. 2010).

Furthermore, least-cost paths represent only a single

potential migration route and do not incorporate any

potentially influential landscape elements surrounding

the route (Adriaensen et al. 2003; Spear et al. 2010).

Although not based on subjective decisions, nor repre-

senting a single migration path (Emaresi et al. 2011),

straight-line transects have the disadvantage that recti-

linear migration routes are assumed (Spear et al.

2010).

To overcome most of these shortcomings, we present

an approach that combines these two techniques: least-

cost transect analysis (LCTA). First, we select a num-

ber of landscape elements that may have a facilitative

or inhibitive effect on gene flow. Subsequently, binary

RSs representing migration habitat and matrix are cre-

ated. In contrast to, for instance, breeding or foraging

habitat, the migration habitat specifically refers to the

habitat type through which the focal species prefers to

migrate, which is not necessarily the same habitat type

that the species inhabits or breeds in (Stevens et al.

2006; Spear et al. 2010). To maintain objectivity, each

selected landscape element is in turn regarded as

migration habitat, regardless of its hypothesized inhibi-

tive or facilitative nature. Interdeme least-cost paths

are calculated for each RS to get potential interdeme

migration routes that may be more realistic than the

assumed straight-line migration in transect-based

approaches. We acknowledge that an interdeme least-

cost path gives, at best, a rough estimate of the migra-

tion route, as not all individuals will migrate along a

single least-cost path and as deviations from the path

are likely. Therefore, we buffer the least-cost path to

create a transect of a certain width, which is more

likely to cover the real migration paths and to include
� 2012 Blackwell Publishing Ltd
potentially important landscape elements around the

least-cost path. The scale at which landscape elements

influence habitat selection is a species-specific trait

(Holland et al. 2004). We expect that the same is true

for the scale of the landscape influence on migration

habitat and, therefore, experiment with a range of buf-

fer widths. We calculate the transect length and the

proportion of each landscape element in the transect

to form a set of complementary explanatory variables

per RS. The fit of the regression between these sets of

explanatory variables and genetic distance is used to

determine which landscape element is the most likely

migration habitat and which landscape elements are

probably to act upon gene flow in a facilitative or

inhibitory way.

The dependent and explanatory variables are in the

form of (dis)similarity or distance matrices, in which

values are not fully independent of other values in the

same row or column. Therefore, Mantel tests are fre-

quently applied in landscape genetics to test model sig-

nificance (Storfer et al. 2010). Although successful in

model testing, Mantel tests do not take into account the

nonindependence of the pairwise distances when calcu-

lating the correlation coefficient between distance matri-

ces (Yang 2004). To provide a solution to this

shortcoming, Clarke et al. (2002) presented the maxi-

mum-likelihood population-effects (MLPE) model, of

which the covariate structure is specifically designed to

account for the correlated structure in regression on dis-

tance matrices. Although it has been applied in land-

scape ecological analysis (Bellamy et al. 2003), to our

knowledge, Clarke’s MLPE method has not been

applied in other landscape genetic studies. Here, we

implement this method to fit the regression models

between genetic distances and sets of explanatory vari-

ables. To select the best fitting and most parsimonious

set of explanatory variables, we use the R2
b statistic

described in Edwards et al. (2008), because information

criteria, like AIC and BIC, are not suitable when com-

paring mixed models where parameter estimation is

performed with the residual maximum-likelihood

(REML) criterion (as in Clarke et al. 2002; Verbeke &

Molenberghs 2000).

In summary, the goals of this study are twofold.

First, we describe an objective procedure to quantify

interdeme landscape (LCTA). Second, we present a

statistical analysis approach based on MLPE models

(Clarke et al. 2002) and the R2
b statistic (Edwards et al.

2008). We demonstrate our approach on an empirical

genetic dataset of the southern damselfly Coenagrion

mercuriale and compare our approach to several other

interdeme landscape measures that are calculated from

RSs and are regularly used in landscape genetics

(Table 1).



Table 1 For each of the applied landscape genetic methods, a short description is given on how the landscape measure was calcu-

lated. Also the input variables for the mixed effect models are shown. The dependent variable consisted of 78 pairwise FST values

among 13 demes. The random effect is the same for every mixed model. The fixed effects (explanatory variables) differed per method

but were always calculated from the same set of 26 binary habitat-matrix resistance surfaces

Method Description

Dependent

variable

Fixed effects

(explanatory variables) Random effect

Resistance distance

analysis

Resistance distances

calculated with

CIRCUITSCAPE

(McRae 2006)

FST Resistance distance Individual deme effect

Least-cost distance

analysis

Total cost of least-cost

path

FST Cost distance Individual deme effect

Effective distance

analysis

Total length of least-cost

path

FST Potential effective distance (m) Individual deme effect

Least-cost transect

analysis

Total length of the

least-cost path and

proportions of landscape

elements in a transect

along the least-cost path

FST Transect length (m) Individual deme effect

Agriculture (m2 · m)2)

Forest (m2 · m)2)

Residential (m2 · m)2)

Streams (m2 · m)2)

Roads (m2 · m)2)
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Methods

Parameterization of resistance surfaces

We used binary RSs that are classified as migration

habitat or matrix (Fig. 1A,B). By default, migration

habitat (mh) was given a resistance value of 1. The

value of the matrix was 2sf, where sf is the specializa-

tion factor. When sf was 0, the value of matrix and

mh were both 1. In this case, migration is isotropic

and the species can be regarded as a generalist with

regard to the influence of landscape on its migration.

The resulting least-cost path from such an RS is a

straight line. Increasing sf leads to exponentially

increasing matrix resistance and, consequentially,

increasing reluctance of a species to move from the

migration habitat into the matrix. In this study, we

experimented with sf = 0, 3, 6, 9, 12 and 15 (Fig. 1C).

Furthermore, the following landscape elements were

used in the analysis of our example dataset: agricul-

tural land, forests, residential areas, roads and streams

(see the Example Dataset section).

Each of the above-mentioned landscape elements was

in turn regarded as migration habitat (Fig. 1B). Thus,

the two variables that defined the parameterization of

each RS scenario were mh and sf. For example,

RS(mh = agriculture, sf = 6) implied that the migration

habitat in this scenario is agricultural land with a resis-

tance value of 1, and the matrix is assigned a resistance

value of 2sf = 26 = 64. Similarly, RS(mh = residential,

sf > 6) refers to all RSs in which the migration habitat

was residential areas and the specialization factors were

larger than 6. In some scenarios, the migration habitat
was a landscape element that was suspected to be an

inhibitor to gene flow. If this is correct, any landscape

measure calculated from the corresponding RSs should

have a low explanatory power and should have model

fits that are equal or lower than average. In total, we

parameterized 26 RSs (i.e. 5 migration habitats · 5 spe-

cialization factors larger than zero + 1 specialization fac-

tor of zero). Geodata were derived from a vectorized

1:25 000 land cover map of Switzerland (Vector25 �
2011 Swisstopo; DV033594), which was transformed to

grids with a 10 m spatial resolution to create the RS sce-

narios.

Least-cost transect analysis was performed on the

binary habitat-matrix RSs. We also calculated least-cost,

potentially effective and resistance distances on these

habitat-matrix RSs (Table 1). These methods will be

explained in the following sections. Unless otherwise

specified, all analyses on RSs were performed in ARC-

GIS 9.3 (ESRI).
Least-cost transect analysis

For each of the 26 RSs, least-cost paths were calculated

between each pair of demes (Fig. 1C). The least-cost

paths were subsequently buffered with a certain dis-

tance to form a transect (Fig. 1D). We evaluated a vari-

ety of transect widths (i.e. 16, 100, 200, 400, 600, 800,

1000, 1200, 1400 and 2000 m). The narrowest transect of

16 m measured the landscape directly on the least-cost

path. For each transect, we calculated the transect

length (in metres; equivalent to the potential effective

distance) and the proportion of each of the landscape

elements in the transect (m2 · m)2; Fig. 1E, Table 1),
� 2012 Blackwell Publishing Ltd



(A)

(B) mh = residential
mh = roads

RS(mh = agriculture) RS(mh = forest) RS(mh = streams)

sf = 12
sf = 15

(C)

(D)

RS(mh = agriculture, sf = 0) RS(mh = agriculture, sf = 3)

(E)

Transect width = 100 m

Explanatory variable Value
Transect length 2793 m

Streams 0.0324 m2/m2

Forest 0.0695 m2/m2

Residential 0.2272 m2/m2

Roads 0.0989 m2/m2

Agriculture 0.7032 m2/m2

RS(mh = agriculture, sf = 6) RS(mh = agriculture, sf = 9)

Legend
Deme 1 & 2

Roads

Streams

Agriculture

Forest

Residential

Fig. 1 Flow-chart of the parameterization of resistance surfaces (RS) and the calculation of least-cost transect analysis (LCTA). A, B

and C show how the binary habitat-matrix RSs were created. D and E show the calculation of explanatory variables for LCTA. (A)

Landscape analysis is demonstrated for two demes, 1 and 2. (B) Separate grids are created for each potential migration habitat (mh;

Fig. 2). The resistance value of mh is set to 1. (C) The resistance value of the matrix is 2sf, where sf is the specialization factor. For

each migration habitat, RSs are created for sf = 0, 3, 6, 9, 12 and 15. Resistance distances and least-cost paths are calculated on each

of the RSs. (D) For LCTA, the least-cost path is buffered to form a transect. (E) The transect length and the proportions of each of the

landscape elements in the transect are calculated to form a complementary set of explanatory variables.
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resulting in six explanatory variables. These proportions

were calculated by dividing the number of grid cells

that contain a certain landscape element by the total

number of grid cells in a transect. It is probable that the

area of a landscape element within a transect is posi-

tively correlated with the transect length. Thus, by

using proportional measures, we anticipated that the

transect length is less correlated with the other explana-

tory variables.

Least-cost paths calculated from RSs with sf = 0

should theoretically produce straight lines between

demes. In practice, however, these paths may have

some bends due to the rule settings in the least-cost

path algorithm. Thus, for LCTA we calculated truly

straight-line paths for sf = 0 to enable the comparison

between traditional straight-line transects (i.e. sf = 0)
� 2012 Blackwell Publishing Ltd
and buffered least-cost paths (i.e. sf > 0). Python-scripts

for LCTA have been made available online (Van Strien

et al. 2012).
Least-cost, effective and resistance distance analysis

We calculated traditional least-cost, potential effective

and resistance distances on each of the 26 RSs. Each of

these measures was used as an explanatory variable in

separate regression analyses (Table 1). From interdeme

least-cost paths, we calculated the total cost (i.e. least-

cost distance) and the total length (i.e. potential effec-

tive distance). Potential effective distances calculated on

RSs with sf = 0 provide a baseline of the level of isola-

tion by Euclidean distance. Some studies suggested to

calculate multiple interdeme least-cost paths to give a
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better ‘average’ representation of the landscape encoun-

tered by migrating individuals (McRae 2006; Pinto &

Keitt 2009; Rayfield et al. 2010). For instance, resistance

distances are calculated by analysing all possible inter-

deme paths through an RS. In some cases, this measure

has proven to better explain genetic distances than

Euclidean or effective distances (McRae & Beier 2007).

Therefore, we also calculated resistance distances

between demes with CIRCUITSCAPE 3.5.2 (McRae

2006). To overcome computational problems with CIR-

CUITSCAPE, the spatial resolution of RSs was trans-

formed to 25 m.
Statistical analysis

The goals of the statistical analysis were to determine

(i) the most probable representation of the landscape as

experienced by migrating individuals, and (ii) the inter-

deme landscape analysis (i.e. LCTA or least-cost, effec-

tive or resistance distance analysis) that explained

interdeme genetic distances (FST) best. Linear mixed

effect models can be used to account for dependency

between pairwise observations in a distance matrix

(Yang 2004). The fixed effect terms in these models are

the explanatory variables (Table 1). The random effect

term indicates the dependency between the pairwise

distances. Several covariate structures from the SAS�

PROC MIXED package have been proposed to represent

this dependency (Yang 2004; Pavlacky et al. 2009;

Meeuwig et al. 2010; Selkoe et al. 2010). However, these

covariate structures are not tailored for the specific

dependency between values in a distance matrix

(Clarke et al. 2002). Clarke et al. (2002) described a co-

variate structure where a proportion, qs, of the total

variance, r2, is the result of the correlation between two

pairwise distances involving a common deme. The

covariance between two pairwise distances without a

common deme is 0. For example, if Yij is the genetic

distance between deme i and j, then Y12 and Y13 have a

covariance of qr2, whereas Y12 and Y34 have a covari-

ance of 0. The maximum value of qs is 0.5. The inter-

cept, slopes, qs and r2 of this MLPE model are

estimated with REML, which is desirable for unbiased

estimates of the variance components of mixed models

(Clarke et al. 2002; Gurka 2006). We centred all explana-

tory variables around their mean, so that the REML

estimates of the intercept were the same as estimates

obtained from simple linear regression (Clarke et al.

2002). We fitted MLPE models with REML estimation

using the ‘lmer’ function in the package ‘lme4’ (Bates

et al. 2011) for R (R Development Core Team 2011),

with a modification to account for multiple member-

ships (i.e. each pairwise distance was associated with

two demes).
In each mixed model, the random effect (i.e. individual

deme effect) was standard, and we were interested in

comparing models with different fixed effects (i.e. explan-

atory variables). Therefore, we compared models making

use of a marginal R2 statistic, which is suitable to select

the most parsimonious model (Orelien & Edwards 2008).

Edwards et al. (2008) described the R2
b statistic, which

compares a model with fixed effects to a null model with

only the random effect and an intercept. Unlike the R2 of

simple linear regression, the R2
b can decrease when add-

ing explanatory variables to the model. Such a decrease

of R2
b can be caused by misspecification of the new model

or an increase in residual variance due to the inclusion of

an explanatory variable. The R2
b is calculated from the

Kenward–Roger F and degrees of freedom estimates

(Kenward & Roger 1997), which we calculated using the

‘KRmodcomp’ function from the R-package ‘pbkrtest’

(Halekoh & Højsgaard 2011).

It is often not evident from what kind of distribution

(dis)similarities and distances are drawn (Smouse et al.

1986). Therefore, explanatory variables may show an

asymmetrical distribution with highly skewed values,

which hinders a standardized normalization approach.

Moreover, information is often lacking to determine the

most likely relationship between explanatory and

dependent variables (e.g. linear, exponential, sigmoidal

or logarithmic). As we were mainly interested in inves-

tigating monotonic relationships between explanatory

and dependent variables, and parameter and intercept

estimation were less important, we chose to utilize

monotone ⁄ nonparametric regression (Legendre &

Legendre 1998; Legendre & Fortin 2010). The regression

was applied to the rank transformed dependent and

explanatory variables, which is a robust statistical

method, less influenced by outliers and asymmetrically

distributed data (Conover 1999). Several studies suc-

cessfully applied rank transformation for the analysis of

(dis)similarity matrices (e.g. Clarke & Ainsworth 1993;

Spear et al. 2005). As the goal of many landscape

genetic studies is to gain insight into the conservation

ecology of a species (Storfer et al. 2010), rank transfor-

mation is justified. Using landscape genetic models to

make predictions of gene flow patterns in space and

time will require a different transformation method.

In the first step of the statistical analysis, we

regressed pairwise FST values against the explanatory

variables calculated through LCTA for the range of

transect widths, which resulted in 260 sets of six

explanatory variables (i.e. 26 RSs · 10 transect widths).

Because the full model (including all six explanatory

variables) may not be the best fitting, most parsimoni-

ous model, we also calculated the R2
b for models with

all possible combinations of the six explanatory vari-

ables (=64 combinations). Whichever combination of
� 2012 Blackwell Publishing Ltd
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explanatory variables produced the highest R2
b, was

considered as the most representative reduced model

for a certain explanatory variable set. A reduced model

may, thus, include only a subset of the six explanatory

variables. If a reduced model contained all six explana-

tory variables, it was analogues to the full model. The

transect width belonging to the best fitting reduced

model was regarded as the most representative transect

width for our focal species.

Subsequently, pairwise FST values were regressed

against the explanatory variables calculated through the

least-cost, effective and resistance distance analysis

(Table 1). As each of these regression models contained

only one explanatory variable, no prior selection for the

most parsimonious model was necessary. We compared

the R2
b values of these regression models to those

obtained from the full and reduced LCTA models. From

the best fitting overall reduced model, we used the sig-

nificance and sign of the slope coefficients to draw con-

clusions about the influence of landscape variables on

genetic distances. To compare results, for the best over-

all reduced model, we also calculated the slope coeffi-

cients for the full model as estimated through

traditional multiple regression on distance matrices

with 10 000 permutations (MRDM; Smouse et al. 1986).

We checked all LCTA explanatory variables obtained

from each RS for multicollinearity. We arbitrarily fixed

a correlation threshold of Spearman q = 0.7, above

which inference from correlated variables was

approached with caution (i.e. sign and value of the

slope coefficient can then be unreliable, and the power

to detect whether a variable is a significant predictor

can be reduced; Legendre & Legendre 1998).
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Fig. 2 Map of the study area indicating the landscape classifi-

cation and the locations where individuals of Coenagrion mercu-

riale were sampled. The inset map shows the location of the

study area in Switzerland in grey.
Example dataset

As an example dataset (Van Strien et al. 2012), we used

data of the southern damselfly Coenagrion mercuriale

(Charpentier, 1840, Odonata: Coenagrionidae), which is

critically endangered in Switzerland (Gonseth & Mon-

nerat 2002). The species inhabits permanently slow-

flowing streams with abounding aquatic vegetation and

generally avoids shaded areas (Rouquette & Thompson

2005). Although the preferred breeding habitat of the

species is fairly well described, little is known about its

preferred migration habitat. A mark–recapture study

showed that the rate of long-distance migration

(>300 m) was not affected by the connectedness of sam-

ple sites by suitable breeding habitat and that tall shrub

structures along the streams acted as migration barriers

(Purse et al. 2003). Most individuals are sedentary and

only disperse a few metres during their lifetime, but

some migrate over greater distances (Purse et al. 2003;

Rouquette & Thompson 2007).
� 2012 Blackwell Publishing Ltd
We applied the following basic landscape classifica-

tion to our study area: agricultural land, forests, resi-

dential areas, roads and streams (Fig. 2). The category

‘roads’ included predominantly small country roads,

but also a couple of busier provincial roads. The cate-

gory ‘streams’ included all the above-ground water-

ways in the study area, except for a major river

traversing the study area.

Towards the end of the mating season (July 2009), we

sampled male damselflies from all known demes of

C. mercuriale in an area situated on the Swiss Plateau

surrounding the town of Langenthal (Fig. 2). Individu-

als were collected from stretches of uninterrupted

streams, with an average length of 260 m. The centre

point of the sampled stream-segments was taken as the

geographic location of a deme. For analysis, we selected

demes from which 10–45 individuals were sampled and

that were at least 250 m apart, resulting in 13 demes

separated by an average of 3392 m (Fig. 2). To prevent

edge effects, the edges of the RSs were at least 7 km

from the nearest deme.
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DNA extraction was carried out using the DNeasy

Blood and Tissue Kit (QIAGEN) according to the supple-

mentary protocol for insects. We amplified 12 microsatel-

lite loci (LIST4-002, LIST4-023, LIST4-024, LIST4-031,

LIST4-034, LIST4-035, LIST4-037, LIST4-042, LIST4-060,

LIST4-062, LIST4-063, LIST4-066) developed by Watts

et al. (2004). Fragments were analysed with an ABI

3730xl sequencer (Applied Biosystems) and genotyped

with GENEMAPPER 3.7 (Applied Biosystems). All loci

met Hardy-Weinberg equilibrium conditions (FIS;

P > 0.05). In some demes, significant linkage disequilib-

rium was found between loci (P < 0.05), but these results

were not consistent between demes. We, therefore, pre-

sumed loci to be unlinked. Positive controls in each plate

always showed the same genotype. There was 0.17%
Table 2 The three reduced (left) and full (right) models with the hig

Transect

width (m)

Reduced models

Migration

habitat (mh)

Specialization

factor (sf) R2
b

16 Streams 6 0.7

16 Streams 9 0.6

16 Agriculture 15 0.6

100 Agriculture 3 0.6

100 Agriculture 6 0.6

100 Agriculture 12 0.6

200 Agriculture 12 0.7

200 Agriculture 15 0.7

200 Agriculture 9 0.6

400 Agriculture 12 0.6

400 Agriculture 15 0.6

400 Residential 3 0.6

600 Agriculture 12 0.7

600 Agriculture 15 0.7

600 Residential 3 0.7

800 Agriculture 12 0.7

800 Agriculture 15 0.7

800 Agriculture 9 0.7

1000 Agriculture 15 0.8

1000 Agriculture 12 0.8

1000 Agriculture 9 0.7

1200 Agriculture 15 0.8

1200 Agriculture 12 0.8

1200 Residential 3 0.7

1400 Agriculture 12 0.8

1400 Agriculture 15 0.8

1400 Agriculture 9 0.7

2000 Agriculture 12 0.7

2000 Agriculture 15 0.7

2000 Agriculture 9 0.7

LCTA, least-cost transect analysis.

For each width class, LCTA models were calculated for all combinatio

residential areas, roads or streams) and specialization factors (0, 3, 6,

shown in bold. All R2
b were significant at P < 0.001.
missing data in the genetic dataset. Due to very high cor-

relations (Pearson r > 0.984) between pairwise FST values

and other genetic distance measures (G’ST, GST and D;

Meirmans & Hedrick 2011), we only use FST here (Weir

& Cockerham 1984). Using GENEPOP 4.0.10 (Rousset

2008), we calculated pairwise FST values between all 13

demes, resulting in 78 FST values, which served as the

dependent variable throughout all analyses (Table 1).

The slightly negative FST values were set to 0.
Results

For each transect width for LCTA, we listed the three

most supported reduced and full models based on R2
b

(Table 2). A transect width of 1000 m produced the
hest R2
b per transect width class are shown

Full models

Migration

habitat (mh)

Specialization

factor (sf) R2
b

53 Streams 6 0.640

80 Streams 3 0.626

54 Agriculture 12 0.623

92 Agriculture 3 0.680

76 Agriculture 6 0.669

71 Agriculture 12 0.664

17 Agriculture 12 0.697

16 Agriculture 15 0.697

88 Agriculture 9 0.668

97 Agriculture 12 0.678

97 Agriculture 15 0.677

69 Residential 3 0.641

45 Agriculture 12 0.725

45 Agriculture 15 0.724

32 Residential 3 0.702

86 Agriculture 12 0.761

86 Agriculture 15 0.761

58 Agriculture 9 0.731

10 Agriculture 15 0.776

09 Agriculture 12 0.776

88 Agriculture 9 0.755

05 Agriculture 15 0.766

04 Agriculture 12 0.765

93 Residential 3 0.756

00 Agriculture 6 0.713

00 Agriculture 15 0.712

73 Agriculture 12 0.712

87 Agriculture 15 0.740

87 Agriculture 12 0.740

42 Agriculture 9 0.675

ns of potential migration habitats (agricultural land, forest,

9, 12 or 15). The LCTA model with the overall highest R2
b is

� 2012 Blackwell Publishing Ltd
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highest overall R2
b (0.810) for LCTA on RS (mh = agri-

culture, sf = 15). A transect width of 1000 m was hence-

forth considered optimal for our focal species.

However, regardless of transect width, the top full and

reduced models were predominantly from LCTA on

RS(mh = agriculture, sf > 0). An exception were the

very narrow transects (width = 16 m), which showed

highest R2
b (0.753) for LCTA on RS(mh = streams,

sf = 6).

In the second part of the analysis, the results of LCTA

(with 1000 m transect width) were compared with those

obtained from least-cost distance, effective distance and
Table 3 Resistance surfaces were created by varying migration habit

Specialization

factor (sf)

Migration

habitat (mh)

LCTA

Reduced Full

R2
b q > 0.7 R2

b

0 0.613 0.60

3 Streams 0.614 0.61

3 Forest 0.504 0.48

3 Residential 0.786 0.74

3 Roads 0.623 0.62

3 Agriculture 0.668 0.65

6 Streams 0.526 0.52

6 Forest 0.487 0.46

6 Residential 0.719 0.59

6 Roads 0.579 0.57

6 Agriculture 0.745 0.73

9 Streams 0.546 0.54

9 Forest 0.375 0.36

9 Residential 0.718 0.59

9 Roads 0.583 0.58

9 Agriculture 0.788 0.75

12 Streams 0.544 0.54

12 Forest 0.378 0.36

12 Residential 0.718 0.59

12 Roads 0.583 0.58

12 Agriculture 0.809 0.77

15 Streams 0.544 0.54

15 Forest 0.383 0.37

15 Residential 0.719 0.59

15 Roads 0.583 0.58

15 Agriculture 0.810 0.77

LCTA, least-cost transect analysis; RS, resistance surface.

Sf = 0 results in a homogeneous RS. For each RS, the fit (R2
b) of pairw

different landscape genetic methods was assessed. From the LCTA, w

model (i.e. the model with the highest R2
b from models with all possib

full model (i.e. model including all explanatory variables). Models wi

correlation coefficients q were calculated between all the explanatory

overly correlated (q > 0.7) explanatory variables (indicated with a ‘+’)

denoted with * (P > 0.05).

� 2012 Blackwell Publishing Ltd
resistance distance analysis (Table 3, Fig. 3). LCTA

performed on RS(mh = residential, sf = 3) produced a

high R2
b (0.786). However, for LCTA performed on RSs

with sf > 3, the migration habitat that always resulted

in the highest R2
b was agriculture (0.745 £ R2

b ‡ 0.810;

Table 3). Potential effective distances calculated on

RS(mh = agriculture, sf > 0) consistently produced high

R2
b values (‡ 0.429) compared with potential effective

distances calculated from other RS scenarios (Fig. 3C).

Least-cost distances calculated on RS(mh = roads,

sf = 6) produced the highest R2
b (0.529) of all least-cost

distances. However, model fit fluctuated substantially
at and the specialization factor (sf)

Least-cost

distance

analysis

Effective

distance

analysis

Resistance

distance

analysis

R2
b R2

b R2
bq > 0.7

8 + 0.396 0.384 0.384

1 0.391 0.424 0.375

9 + 0.398 0.381 0.375

8 0.258 0.401 0.328

3 0.478 0.443 0.489

9 + 0.477 0.522 0.262

2 0.361 0.328 0.444

7 + 0.371 0.350 0.269

8 + 0.172 0.310 0.283

9 0.529 0.429 0.446

1 + 0.458 0.429 0.285

4 0.374 0.336 0.423

7 + 0.352 0.240 0.271

8 + 0.162 0.310 0.253

3 0.367 0.430 0.260

5 + 0.452 0.485 0.331

4 0.377 0.336 0.393

9 + 0.344 0.239 0.271

7 + 0.163 0.310 0.244

3 0.249 0.430 0.222*

6 + 0.327 0.547 0.286

4 0.377 0.336 0.372

4 + 0.346 0.237 0.272

7 + 0.163 0.308 0.244

3 0.225* 0.430 0.214*

6 + 0.354 0.546 0.257

ise FST values regressed against the explanatory variables from

e display the R2
b of the most parsimonious, best fitting reduced

le combinations of explanatory variables) and the R2
b from the

th the highest overall R2
b per sf are indicated in bold. Spearman

variables of each LCTA model. Only several full models had

. All models were significant at P < 0.05, except for R2
b values
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Fig. 3 The graphs show the model fit (R2
b) of FST values monotonically regressed against explanatory variables from the different

landscape genetic methods (Table 1). Binary habitat-matrix resistance surfaces (RS) were created, in which each landscape element

(agricultural land, forest, residential areas, roads and streams) was in turn considered to be migration habitat, which was assigned a

resistance value of 1. The resistance value of the matrix was determined by the specialization factor (sf). For each of these RSs,

explanatory variables were calculated with least-cost transect analysis (LCTA) (A), least-cost distance analysis (B), effective distance

analysis (C) and resistance distance analysis (D). All models were fit with linear mixed effect models, and the R2
b was calculated from

the Kenward–Roger F and degrees of freedom estimates. For LCTA the R2
b from full models is displayed.
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with increasing sf (Fig. 3B). A similar pattern was

observed for the resistance distance analysis (Fig. 3D),

where resistance distances calculated on RS(mh = roads,

sf = 3) produced the highest R2
b (0.489). All explanatory

variables from the reduced and full LCTA models were

checked for multicollinearity. Many of the full LCTA

models had at least one pair of overly correlated

(q > 0.7) explanatory variables, whereas none of the

reduced models showed multicollinearity (Table 3).

Inference, regarding the most likely migration habitat

and the gene flow inhibiting or facilitating properties of

landscape elements, was drawn from LCTA on

RS(mh = agriculture, sf = 15), because this model pro-

duced the highest overall R2
b (0.810; Tables 3, 4). The

explanatory variables that were selected in this reduced

model were the transect length and proportions of

streams, forest, residential areas and roads in the 1000-

m wide transect. However, not all of these explanatory

variables were significant (t-value; P > 0.05). The pro-

portion of residential areas and the transect length had

a significant positive monotonic correlation with FST.
The proportion of streams had a significant negative

monotonic correlation with FST. The correlation between

two pairwise distances involving a common deme qs

was 0.053 (Table 4). A comparison of these results to an

MLPE model with all six explanatory variables (i.e. full

model) showed a lower R2
b (0.776) and a higher qs

(0.058). Also, the proportion of residential areas became

a nonsignificant explanatory variable (Table 4). Signifi-

cance and slope estimates of this full MLPE model dif-

fered slightly from those estimated by multiple

regression on distance matrices (Table 4).
Discussion

With LCTA, binary RSs were created in which each

selected landscape element in turn was regarded as

migration habitat, which proved to be an objective

method to determine the most probable migration habi-

tat of the focal species. We found strong support for

agricultural land being the most probable migration

habitat of C. mercuriale. For most transect widths and
� 2012 Blackwell Publishing Ltd



T
a

b
le

4
S

ig
n

ifi
ca

n
ce

an
d

sl
o

p
e

es
ti

m
at

es
o

f
th

e
re

g
re

ss
io

n
co

ef
fi

ci
en

ts
o

f
th

re
e

m
o

d
el

s

S
p

ec
ia

li
za

ti
o

n

fa
ct

o
r

(s
f)

M
ig

ra
ti

o
n

h
ab

it
at

(m
h

)
S

ta
ti

st
ic

al
m

et
h

o
d

M
o

d
el

fi
t

In
te

rc
ep

t
S

tr
ea

m
s

F
o

re
st

R
es

id
en

ti
al

R
o

ad
s

A
g

ri
cu

lt
u

re

T
ra

n
se

ct

le
n

g
th

W
it

h
in

-d
em

e

co
rr

el
at

io
n

q
s

15
A

g
ri

cu
lt

u
re

R
ed

u
ce

d
M

L
P

E
m

o
d

el
R

2 b
=

0.
81

0*
**

39
.5

**
*

)
0.

42
1*

**
0.

08
1

n
s

0.
23

1*
)

0.
16

0
n

s
–

0.
73

48
**

*
0.

05
3

15
A

g
ri

cu
lt

u
re

F
u

ll
M

L
P

E
m

o
d

el
R

2 b
=

0.
77

6*
**

39
.5

**
*

)
0.

41
2*

**
)

0.
02

9
n

s
0.

19
4

n
s

)
0.

15
6

n
s

)
0.

12
5

n
s

0.
74

79
**

*
0.

05
8

15
A

g
ri

cu
lt

u
re

F
u

ll
M

R
D

M
m

o
d

el
R

2
=

0.
70

1*
**

39
.5

**
*

)
0.

39
4*

**
)

0.
00

6
n

s
0.

18
8

n
s

)
0.

17
2

n
s

)
0.

08
9

n
s

0.
75

2*
**

–

L
C

T
A

,
le

as
t-

co
st

tr
an

se
ct

an
al

y
si

s;
M

L
P

E
,

m
ax

im
u

m
-l

ik
el

ih
o

o
d

p
o

p
u

la
ti

o
n

-e
ff

ec
ts

;
R

S
,

re
si

st
an

ce
su

rf
ac

e.

F
o

r
al

l
m

o
d

el
s,

p
ai

rw
is

e
F

S
T

v
al

u
es

w
er

e
th

e
d

ep
en

d
en

t
v

ar
ia

b
le

.
T

ra
n

se
ct

w
id

th
o

f
10

00
m

w
as

m
ai

n
ta

in
ed

fo
r

al
l

th
re

e
m

o
d

el
s.

R
ed

u
ce

d
m

o
d

el
s

w
er

e
se

le
ct

ed
b

y
ta

k
in

g
th

e

m
o

d
el

w
it

h
th

e
h

ig
h

es
t

R
2 b

fr
o

m
m

o
d

el
s

w
it

h
al

l
p

o
ss

ib
le

co
m

b
in

at
io

n
s

o
f

ex
p

la
n

at
o

ry
v

ar
ia

b
le

s.
E

x
p

la
n

at
o

ry
v

ar
ia

b
le

s
th

at
w

er
e

n
o

t
u

se
d

in
a

re
d

u
ce

d
m

o
d

el
ar

e
in

d
ic

at
ed

w
it

h

a
‘–

’.
F

u
ll

m
o

d
el

s
w

er
e

fi
tt

ed
m

ak
in

g
u

se
o

f
al

l
si

x
ex

p
la

n
at

o
ry

v
ar

ia
b

le
s

(T
ab

le
1)

.
T

h
e

fi
rs

t
tw

o
m

o
d

el
s

ar
e

fi
tt

ed
th

ro
u

g
h

M
L

P
E

m
o

d
el

s,
an

d
th

e
si

g
n

ifi
ca

n
ce

o
f

th
e

ex
p

la
n

at
o

ry

v
ar

ia
b

le
s

w
as

d
et

er
m

in
ed

fr
o

m
t-

v
al

u
es

.
F

o
r

th
es

e
m

o
d

el
s,

w
e

d
is

p
la

y
th

e
q

s,
w

h
ic

h
is

th
e

co
rr

el
at

io
n

b
et

w
ee

n
tw

o
p

ai
rw

is
e

d
is

ta
n

ce
s

in
v

o
lv

in
g

a
co

m
m

o
n

d
em

e.
T

h
e

fi
rs

t
m

o
d

el

is
th

e
re

d
u

ce
d

M
L

P
E

m
o

d
el

fr
o

m
L

C
T

A
o

n
R

S
(m

h
=

ag
ri

cu
lt

u
re

,
sf

=
15

),
w

h
ic

h
w

as
th

e
o

v
er

al
l

b
es

t
fi

tt
in

g
m

o
d

el
.

T
h

e
se

co
n

d
m

o
d

el
is

th
e

fu
ll

M
L

P
E

m
o

d
el

fr
o

m
L

C
T

A
o

n

R
S

(m
h

=
ag

ri
cu

lt
u

re
,

sf
=

15
).

M
ak

in
g

u
se

o
f

th
e

sa
m

e
ex

p
la

n
at

o
ry

v
ar

ia
b

le
s,

th
e

th
ir

d
m

o
d

el
w

as
fi

tt
ed

w
it

h
m

u
lt

ip
le

re
g

re
ss

io
n

o
n

d
is

ta
n

ce
m

at
ri

ce
s

(M
R

D
M

),
an

d
si

g
n

ifi
ca

n
ce

w
as

te
st

ed
w

it
h

10
00

0
p

er
m

u
ta

ti
o

n
s

o
f

th
e

d
ep

en
d

en
t

v
ar

ia
b

le
.

n
s

=
n

o
n

si
g

n
ifi

ca
n

t;
*P

<
0.

05
;

**
P

<
0.

01
;

**
*P

<
0.

00
1.

NEW ANALYTICAL APPROACH IN L ANDSCAPE GENETI CS 4019

� 2012 Blackwell Publishing Ltd
specialization factors, RSs, in which the migration habi-

tat was agricultural land, consistently produced the

most supported models. Taking into account that

C. mercuriale has a strong preference for unshaded habi-

tats (Purse et al. 2003; Rouquette & Thompson 2005), it

is not surprising that it prefers to disperse through

open agricultural land. Additionally, results from LCTA

gave a clear indication of which landscape elements

may be inhibiting or facilitating gene flow in these tran-

sects through agricultural land. We found that espe-

cially the length of the transect through agricultural

land decreased gene flow (i.e. positive correlation

between transect length and FST; Table 4), which is a

logical result of the sedentary character of the study

species (Purse et al. 2003; Rouquette & Thompson

2007). The positive effect of stream density on gene flow

(Table 4) can be expected for a species that is highly

dependent on water for its reproduction (Rouquette &

Thompson 2005). Apart from transect length, the only

other inhibitor of gene flow was the proportion of resi-

dential areas along the migration route through agricul-

tural land.

If we had used effective distance analysis, the conclu-

sions about the most probable migration habitat would

have been similar. Potential effective distances through

agricultural land were on average better explanatory

variables for genetic distances than Euclidean distance

or potential effective distances through other landscape

elements (Fig. 3C). However, least-cost and resistance

distance analysis did not result in any migration habitat

that consistently produced models with high R2
b, which

complicated the interpretation.

Least-cost transect analysis performed on RSs with a

specialization factor of 3 suggested that residential areas

were the most likely migration habitat (Fig. 3A), which

demonstrates that it is also important to create RS sce-

narios with a range of specialization factors. For narrow

transects of 16 m, we found a strong support for

streams to be the most probable migration habitat,

albeit with a lower R2
b than the overall best performing

model (Table 2). Many of the streams that C. mercuriale

inhabits in the study area are either unconnected or

run, at least partially, through a forest. Therefore, we

presume agricultural land to be the most probable

migration habitat of C. mercuriale. Nevertheless, this

discrepancy between the results of various transect

widths indicates how sensitive transect-based

approaches are to transect width. Perhaps LCTA with

multiple least-cost interdeme paths would provide a

more realistic indication of where the main migration

routes are located (McRae 2006; Pinto & Keitt 2009; Ray-

field et al. 2010). Average landscape composition from

all transects, drawn along each of the paths, would

function as explanatory variables for the landscape
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genetics analysis. Future research should determine

whether such a setup is less sensitive to transect width

and will provide a more explicit distinction between

‘nonsense’ migration habitats and the ‘true’ migration

habitat.

Least-cost transect analysis can be seen as an exten-

sion to the landscape genetic method presented by

Spear et al. (2005). Between salamander populations,

the authors created several potential migration paths

based on various migration hypotheses. The fit of mod-

els with Euclidean distance as explanatory variable was

compared with that of models with path lengths and

proportion of various landscape elements directly along

these migration paths as explanatory variables. Their

model R2 increased from 0.337 to 0.828 (for the best fit-

ting model), respectively, which is similar to the

increase observed in this study (increase in R2
b from

0.384 to 0.810). This substantiates our recommendation

to use a variety of potential migration paths, whether

they are straight-line, least-cost or multiple shortest

paths, as a means to shape transects, in which the land-

scape can be quantified.

Binary habitat-matrix RSs were used in this study.

An inherent assumption of least-cost paths calculated

on these surfaces is that organisms move in a straight

line through a homogeneous matrix and do not alter

their direction to avoid or target certain landscape ele-

ments in the matrix. This is a criticized approach,

because empirical studies have shown that species react

differently to different matrix elements (Ricketts 2001;

Prevedello & Vieira 2010). With LCTA, we accommo-

dated for matrix elements by calculating the proportion

of all landscape elements in the transects. Spear et al.

(2010) criticized this approach because multiple land-

scape variables are taken into account along a least-cost

path that itself is calculated on a binary RS. We

acknowledge that the course of least-cost paths used in

LCTA may change if RSs would represent a heteroge-

neous matrix. However, gene flow is a two-fold process

of active migration decisions and passive events. A

landscape element, like a road or a city, can be actively

avoided, in which case the focal species may seek a

route bypassing the element, whereby migration dis-

tance increases and other landscape elements are

encountered. The same landscape element can also pas-

sively impede gene flow, by reducing the survival

chances of an individual when crossing the landscape

element. In both cases, gene flow is negatively influ-

enced by the landscape element, whereas the movement

paths and assigned resistance values would be quite

different. Moreover, it is important to consider that RSs

should incorporate the variables that a focal species

would use to make a decision about its next movement

step (i.e. movement from one grid cell into one of the
neighbouring grid cells). Multivariate RSs would

require the focal species to make full rational decisions,

where all possible landscape variables are weighed

against each other, to seek an optimal solution for its

next movement step. However, there is growing sup-

port among psychologists for the bounded rationality

theory, which states that many decisions are based on a

very small set of variables, and are made to satisfy the

needs of an organism rather than to find an optimal

solution (Gigerenzer & Goldstein 1996; Srinivasan &

Mukherjee 2010). Taking these considerations, and other

difficulties involved in translating species’ behaviour

into RSs (Adriaensen et al. 2003; Driezen et al. 2007;

Spear et al. 2010; Gillies et al. 2011), into account, we

favour a parsimonious landscape model in the form of

simple binary habitat-matrix RSs.

The spatial and thematic resolution of RSs influences

the outcome of landscape genetic studies that use least-

cost paths (Cushman & Landguth 2010). Additionally,

with LCTA, the spatial and thematic resolution of the

landscape in the transects may influence the values of

the explanatory landscape variables. Compared with

the proportion of a landscape element in the transect,

other landscape metrics may be less influenced by these

resolutions (Wu 2004) and may even produce interest-

ing additional explanatory variables. A further point of

consideration is that transects between unique deme

pairs may be spatially overlapping, whereby creating a

spatial dependency between these deme pairs (Holland

et al. 2004). Also, the species’ response to migration

habitat and other landscape elements may show tempo-

ral and spatial variations, caused by, for instance, the

level of human disturbance (e.g. Hebblewhite & Merrill

2008) or by functional responses, where the strength of

the behavioural response to a landscape element is pro-

portional to the available amount of that landscape ele-

ment (Mysterud & Ims 1998). The above-mentioned

issues may influence the results of LCTA and other

landscape genetic methods and deserve more attention

in landscape genetic research (Anderson et al. 2010).

Perhaps solutions may be presented by studies on

resource selection by animals (Gillies et al. 2006), in

which many of these issues have been addressed.

An advantage of the transect-based approach is that

multiple explanatory variables are created, which are

each ecologically interpretable (Emaresi et al. 2011). To

statistically analyse several explanatory variables, we

apply a multiple regression approach based on MLPE

models (Clarke et al. 2002). The qs value, estimated

through REML, indicates how strong the correlation is

between pairwise distances involving a common deme.

A high qs value (maximum qs value is 0.5) indicates the

need to take the correlated structure of the data into

account when fitting regression models (Clarke et al.
� 2012 Blackwell Publishing Ltd
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2002). For all 26 LCTA reduced MLPE models with a

transect width of 1000 m, we found an average

qs = 0.183 (data not shown), which indicates a high cor-

related structure within demes and compels the use of

MLPE models. As expected with such high qs values,

we found (small) differences in slope coefficient esti-

mates between full MLPE and MRDM models (Table 4;

as in Clarke et al. 2002). However, for the reduced

MLPE model with the highest R2
b, we found qs = 0.053

(Table 4). Apparently, most of the variance in the latter

model was explained by the between-deme landscape

effects, and the within-deme correlation was limited.

Few studies have focused on developing statistical

tests for model selection in mixed effect models esti-

mated through REML (Gurka 2006; Edwards et al. 2008;

Orelien & Edwards 2008). Here, we used the R2
b statistic

for model selection (Edwards et al. 2008). This statistic

has proven to be able to select the most parsimonious

model (Orelien & Edwards 2008). We found that model

selection based on R2
b was an effective tool to remove

overly correlated (i.e. Spearman q > 0.7) explanatory

variables from the model (Table 3). An additional

advantage of this statistic is that partial-R2
b values can

easily be calculated (Edwards et al. 2008). As in

Edwards et al. (2008), we observed that the reduced

model with the highest R2
b contained nonsignificant

explanatory variables (Table 4). The inclusion of (non-

significant) explanatory variables can result in a

decrease in the total variance estimate by REML, which

can increase the R2
b estimate. However, we are not

aware of any guidelines to determine how much

increase in statistical support for a certain model is

associated with a certain increase in R2
b (like, for

instance, AIC-weights; Burnham & Anderson 2002). We

stress that further research is needed to determine

whether this approach to variable selection is optimally

suited for landscape genetic purposes, especially in

combination with the covariate structure associated

with the MLPE method.

Information criteria like AIC are commonly used for

variable selection in landscape genetics (e.g. Yang 2004;

Spear et al. 2005; Pavlacky et al. 2009; Goldberg &

Waits 2010; Meeuwig et al. 2010; Selkoe et al. 2010;

Emaresi et al. 2011). However, in contrast to AIC values

from simple linear regression or mixed models esti-

mated with maximum likelihood, AIC calculated from

REML in linear mixed models is not recommended for

comparing models with different fixed effects (Verbeke

& Molenberghs 2000; Orelien & Edwards 2008),

although this is not always clearly stated in software

documentation (Gurka 2006). When slope and intercept

are estimated with ordinary least squares (e.g. MRDM),

model selection with AIC is also prone to be biased by

the nonindependence of pairwise distances (Goldberg &
� 2012 Blackwell Publishing Ltd
Waits 2010). The AIC difference compared with the

model with the lowest AIC determines the relative sta-

tistical support for a certain model. This difference can

be inflated if observations are falsely assumed to be

independent (Burnham & Anderson 2002), thereby lead-

ing to overly strong support for the model with the

lower AIC. Also, because the true number of degrees of

freedom are unknown in distance matrices (Legendre &

Fortin 1989), measures that correct for small sample size

may be biased. For instance, no valid method has yet

been proposed to calculate adjusted-R2 of a regression

on distance matrices (Legendre & Fortin 2010). We

assume that this is also the case for AIC values adjusted

for small sample size (AICc). To be able to use AIC for

model selection in landscape genetics, Goldberg &

Waits (2010) proposed to remove nonindependent de-

mes from the dataset. They removed a deme if its aver-

age genetic distance rate (genetic distance ⁄ Euclidean

distance) between neighbouring demes (determined

from Delaunay triangulation) was significantly different

to a null distribution of rates created by 10 000 boot-

strap samples from all deme pairs. A disadvantage of

this approach is that not all pairwise distances can be

used in the analysis (i.e. only the demes connected

through Delaunay triangulation). Furthermore, we

argue that a significant difference in genetic distance

rates, between a random sample and a deme and its

neighbours, may actually be indicative of this deme

being extraordinarily isolated from its neighbours.

Removing this deme from the analysis could reduce the

knowledge gained from the study. As yet, we believe

there is no completely unbiased AIC model selection

method available for multiple regression in landscape

genetics (either through MLPE or MDRM models).

Several authors have underlined the need for robust

model selection techniques in landscape genetics (Sel-

koe et al. 2010; Emaresi et al. 2011). Here, we apply a

new approach to variable selection in landscape genet-

ics. We believe that the use of mixed effect models,

with an appropriate covariance structure, can account

for the nonindependence of values in distance matrices

and that R2
b statistics may be appropriate for variable

selection in such models. The within-deme correlation

qs can be used as a measure to determine the necessity

to account for the nonindependence in distance matri-

ces when fitting the regression model. We acknowledge,

however, that these methods require more stringent

testing with empirical and simulated data before

becoming standard landscape genetic methods. Further-

more, we show that LCTA is a powerful and easily inter-

pretable landscape genetic approach. In the empirical

example dataset, a certain migration habitat was consis-

tently selected as the most probable migration habitat

for the focal species, which was not the case with least-
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cost or resistance distance analysis. Further research

should be carried out to determine whether these find-

ings are consistent in other species. We strongly advo-

cate the use of transect-based approaches in landscape

genetics, as a separate explanatory variable is calculated

for each landscape element, which greatly facilitates

ecological interpretation.
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