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Abstract Individual-based analyses relating land-

scape structure to genetic distances across complex

landscapes enable rigorous evaluation of multiple

alternative hypotheses linking landscape structure to

gene flow. We utilize two extensions to increase the

rigor of the individual-based causal modeling

approach to inferring relationships between landscape

patterns and gene flow processes. First, we add a

univariate scaling analysis to ensure that each land-

scape variable is represented in the functional form

that represents the optimal scale of its association

with gene flow. Second, we use a two-step form of

the causal modeling approach to integrate model

selection with null hypothesis testing in individual-

based landscape genetic analysis. This series of

causal modeling indicated that gene flow in American

marten in northern Idaho was primarily related to

elevation, and that alternative hypotheses involving

isolation by distance, geographical barriers, effects of

canopy closure, roads, tree size class and an empir-

ical habitat model were not supported. Gene flow in

the Northern Idaho American marten population is

therefore driven by a gradient of landscape resis-

tance that is a function of elevation, with minimum

resistance to gene flow at 1500 m.

Keywords Landscape genetics � Scale

dependency � Causal modeling � American marten �
Population connectivity � Gene flow

Introduction

Landscape genetics is a synthetic field combining

spatial population genetics with landscape ecology.

Landscape genetics explicitly quantifies the effects of

landscape composition, configuration, and matrix

quality on spatial patterns in neutral and adaptive

genetic variation and underlying microevolutionary

processes (Manel et al. 2003; Storfer et al. 2007;

Holderegger and Wagner 2008; Balkenhol et al.

2009). Recent landscape genetic approaches largely

focus on describing and mapping populations (e.g.

Pritchard et al. 2000; Dupanloup et al. 2001; Francois
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et al. 2006) and on identifying factors that influence

rates and patterns of gene flow within and between

populations (e.g. Coulon et al. 2004, 2006; Cushman

et al. 2006; McRae and Beier 2007; Schwartz et al.

2009).

Many past landscape genetic studies have used

relatively simple null-hypothesis testing, such as

testing for the presence of a barrier, rather than

comparing competing hypotheses involving more

complex landscape effects (Holderegger and Wagner

2008; Balkenhol et al. 2009). This may lead to

misinterpretations of the pattern-process relationship

governing gene flow (Cushman and Landguth 2010a).

Commonly, population and landscape genetic studies

have used F-statistics (Wright 1943), assignment

tests or Bayesian clustering (Pritchard et al. 2000;

Corander et al. 2003; Francois et al. 2006) to relate

genetic differences among predefined subpopulations,

propose interpopulation distance relationships (Mich-

els et al. 2001), identify putative movement barriers

(Manni et al. 2004; Funk et al. 2005), or correlations

with landscape features (Vitalis and Couvet 2001;

Spear et al. 2005). Once discrete subpopulations have

been identified, post hoc analyses are performed,

correlating observed genetic patterns with inter-

population distance or putative movement barriers

(e.g. Proctor et al. 2005).

Assuming the existence of discrete subpopulation

structure, followed by application of methods

designed to detect such structure, and by post-hoc

analysis to identify potential causes for the inferred

population structure is a perilous path of inference

(Cushman and Landguth 2010a). Methods to delin-

eate discrete populations are known to identify

boundaries even in continuously structured popula-

tions (Schwartz and McKelvey 2009); observing a

coincidence between a landscape feature and a

putative subpopulation boundary does not confirm

the role of that feature in creating spatial genetic

structure.

Individual-based analyses relating landscape struc-

ture to genetic distance across complex landscapes

enables rigorous evaluation of multiple alternative

hypotheses relating landscape structure to gene flow.

The predominant analytical approach to directly

associate landscape patterns with gene flow processes

is based on pair-wise calculation of cost distances,

using least cost paths (e.g. Krist and Brown 1994;

Walker and Craighead 1997) or multi-path circuit

approaches (McRae 2006). These pair-wise cost

distances among individuals across a landscape

resistance model are then correlated with pair-wise

genetic distances among the same individuals with

methods such as Mantel and partial Mantel tests

(Mantel 1967; Smouse et al. 1986).

There has been discussion in the literature about

the appropriateness of Mantel testing in landscape

genetics. Raufaste and Rousset (2001) questioned the

use of partial Mantel tests in micro-evolutionary

studies. Subsequently, Castellano and Balletto (2002)

attempted to rehabilitate the use of the partial Mantel

test in genetic analysis. Recently, Legendre and

Fortin (2010) have clarified the case. They showed

that Raufaste and Rousset (2001) raised a valid point

about a situation requiring a particular permutation

procedure, but made unwarranted claims that partial

Mantel tests are a biased testing procedure, while

Castellano and Balletto (2002) attempted to refute

this, but advocated an inappropriate testing proce-

dure. Legendre and Fortin (2010) noted that distance-

based regression approaches, such as the Mantel test,

have lower power than traditional linear models and

tend to underestimate the true magnitude of a

relationship. They concluded that Mantel and partial

Mantel testing is an appropriate framework when

hypotheses are explicitly defined in terms of dis-

tances. Recently, Cushman and Landguth (2010a)

evaluated the power of partial Mantel testing in a

causal modeling framework (Legendre and Troussel-

lier 1988; Legendre 1993) and found that the method

performs well in identifying the drivers of genetic

distances in complex landscapes and rejecting incor-

rect and/or correlated alternatives.

Identifying the effects of landscape structure on

gene flow using neutral markers is explicitly a

distance based problem. Because these markers are

neutral, we would expect no association between the

presence of a given allele and the environment at

which the individual is located. Rather, differences

among individuals in neutral markers reflect the

degree of genetic isolation. Gene flow is mainly

influenced by breeding and dispersal. For a given

individual at a given location in a landscape, the

probability of dispersing to and selecting a particular

mate can be seen as a function of the distance to

that mate in Euclidean or cost units (e.g. Landguth

and Cushman 2010). Thus, analysis of gene flow

in complex landscapes using neutral markers is
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explicitly a distance based approach and the Mantel

test is an appropriate method for analyzing such

distance based problems.

The goal of this paper is to identify the processes

governing gene flow in the American marten (Martes

americana) in northern Idaho, USA (Fig. 1). The

American marten is a habitat specialist that prefers

mature and old growth forest types in the western

United States (Buskirk and Powell 1994; Ruggiero

et al. 1994). Marten populations are sensitive to forest

fragmentation (Hargis 1996; Bissonette et al. 1997;

Hargis et al. 1999) and depend on low-density winter

snowpacks that provide protection from predators

and access to subnivean hunting (Buskirk and

Powell 1994). We utilize two extensions of the causal

modeling approach in landscape genetics (Cushman

et al. 2006). First, we add univariate scaling to ensure

that each landscape variable is represented in the

functional form that represents the optimal scale of its

association with gene flow (Pérez-Espona et al. 2008;

Wasserman 2008). This is important given the sensi-

tivity of landscape genetic relationships to misspeci-

fication of the scale of landscape resistance models

(Cushman and Landguth 2010b). Second, we use a

two-step form of the causal modeling approach to

integrate model selection with null hypothesis testing

in individual-based landscape genetic analysis.

Methods

We used non-invasive hair snaring to collect genetic

samples from M. americana in the Idaho Panhandle

National Forest between 2003 and 2008 (Wasserman

2008). Identification of individual martens used

nuclear DNA following methods in Riddle et al.

(2003). DNA from one hair sample per hair-snare

station was extracted using the Qiagen DNeasy

Tissue kit (Qiagen Inc., Hilden, Germany) with

modifications as outlined in Mills et al. (2001).

Samples were genotyped at nine variable microsat-

ellite loci according to Riddle et al. (2003) (Table

S1). Deviations from Hardy–Weinberg proportions,

heterozygote excess and deficiency were analyzed

with GENEPOP 3.1d (Raymond and Rousset 1995).

Genetic variability for each locus was estimated by

calculating the mean number of alleles (A), observed

heterozygosity (Ho), expected heterozygosity (He),

and allelic richness with GENALEX 6 (Peakall and

Smouse 2005). Probability of identity was calculated

according to Evett and Weir (1998). In order to

estimate gene flow between three mountain ranges in

the study landscape of northern Idaho, USA (Selkirk,

Purcell, and Cabinet mountain ranges); (Fig. 1),

global Fst and Fst between pairs of mountain ranges

were calculated with FSTAT 2.9.3 (Goudet 1995).

Fig. 1 Study area, with

hair snare locations where

marten were detected (black
solid circles) and snares

where marten were not

detected (open circles).

Putative barriers (valleys)

are shown as black lines
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An assignment test was conducted to evaluate

population substructure related to mountain range

(Selkirk, Purcell, or Cabinet) in GENALEX 6

(Peakall and Smouse 2005). Finally, a genetic

distance matrix was calculated on all pairs of sampled

martens using the Bray-Curtis percentage dissimilar-

ity measure among individuals (Legendre and Legen-

dre 1998).

Landscape resistance hypotheses

We developed landscape resistance surfaces based on

four factors that have previously been reported to

influence habitat selection by American martens

(Taylor et al. 1993; Buskirk and Powell 1994; Phillips

1994; Bissonette et al. 1997; Hargis et al. 1999). These

included elevation, roads, seral stage based on tree

diameter at breast height (DBH; R1-VMAP; http://

www.fs.fed.us/r1/gis/vmap_v06.html; Table S2), and

percent canopy cover (1–100%; Fry et al. 2008). All of

these base maps were re-sampled to 30 m pixel size.

Scaling landscape factors

Correctly representing the thematic resolution and

form of the functional relationship between landscape

features and genetic distance is essential to identify-

ing pattern process relationships (e.g. Pérez-Espona

et al. 2008; Cushman and Landguth 2010b). We

produced a range of functionally scaled resistance

surfaces for each of DBH, canopy cover, and

elevation. DBH and percent canopy cover were

evaluated over eight different levels that included

linear and power functions of 0.2, 0.4, 0.6, 0.8, 2nd,

3rd, and 4th power. Landscape resistance predicted

by these power functions ranged from strongly

convex to strongly concave (Figures S1, S2). The

power transformed percent canopy cover and DBH

resistance maps were rescaled to 1–10 for analysis.

Elevation acted as a proxy for climate (e.g.

snowpack) and vegetation composition. Landscape

resistance due to elevation was modeled as a

Gaussian function, on the expectation that martens

have a unimodal optimum in movement ability with

respect to elevation (Cushman et al. 2006). The form

of the Gaussian function was defined on the basis of

the optimum elevation and the standard deviation.

The optimum elevation was assigned a minimum

resistance of 1 and a maximum resistance of 10. We

evaluated marten response to a range of possible

optimum elevations and a range of potential standard

deviations of the Gaussian resistance function in

order to find the combination of elevation and

standard deviation to which marten genetic patterns

are most strongly related. We tested nine levels of

elevational optimum (1200–2000 m) and eight levels

of standard deviation (300–1000 m) in 100 m incre-

ments, giving a factorial combination of 72 elevation/

standard deviation models.

Two levels of roads were represented as categor-

ical resistance functions. The first form of the roads

layer included all maintained roads. The second

included maintained roads plus abandoned, decom-

missioned or closed roads. Roads were classified as

either major highways or other roads, including

county and U.S. Forest Service roads that were both

gated and un-gated. All non-road pixels were given a

resistance value of 1, major highways a value of 10,

and other roads a value of 5.

Univariate landscape-resistance modeling

For each scaled version of elevation, canopy closure,

and DBH, we derived a matrix of least movement

costs between all pairs of individuals using COST-

DISTANCE in ARCGIS (ESRI 2003). We then

compared the genetic distance among individuals

with the cost of movement paths between them and

identified the functions at which each factor had the

strongest relationship with marten genetic structure.

We ranked the scaled functions for each input

landscape variable based on the partial Mantel test

removing the effect of Euclidean distance. The

function with the largest partial Mantel r value for

each factor was chosen to be included in the first step

causal modeling.

Two stage causal modeling

Once we identified which scale transformation of

each variable was most supported, we extended the

causal modeling framework (Legendre and Troussel-

lier 1988; Legendre 1993; Cushman et al. 2006) to

identify which of a number of alternative models was

the best explanation of observed patterns of genetic

distances across our study area. We proposed 16

alternative landscape hypotheses (Table 1). These

included all combinations of the best scaled
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univariate forms of elevation, DBH, canopy closure,

and roads, as well as a habitat suitability model

developed by the authors for this species in this study

area using multi-scale logistic regression (Wasserman

2008). Habitat suitability is a frequently used surro-

gate for landscape resistance to movement (e.g.

Coulon et al. 2004; Schwartz et al. 2009). Therefore,

it is informative to compare its performance with a

range of alternative landscape resistance models to

test the hypothesis that landscape resistance is

equivalent to habitat suitability.

The first step of the two-step causal modeling

framework was to test each of these 16 alternative

landscape resistance models against isolation by

distance and isolation by barrier as described in

Cushman et al. (2006). We identified three potential

barriers to the movement of martens that potentially

divided the regional population into three discrete,

non-overlapping subpopulations. These barriers were

(1) the Kootenai River trench between Bonners Ferry

and the Canadian Border, (2) the Kootenai River

valley upstream of Bonners Ferry to the Montana

Border, and (3) the Naples Valley south of Bonners

Ferry to Sandpoint (Fig. 1). These three potential

barriers separate the Selkirk, Purcell and Cabinet

Mountains. We constructed a categorical model

matrix predicting panmixia within each mountain

range (Selkirk, Purcell, and Cabinet), but complete

isolation between them (Legendre and Legendre

1998).

There were five sets of diagnostic Mantel and

partial Mantel tests to complete this first step of the

two-step causal modeling. These included: (1) simple

Mantel tests between genetic distance and landscape

resistances; (2) partial Mantel tests between genetic

distance and landscape cost distances, partialling out

the effects of Euclidean distance; (3) partial Mantel

tests between genetic distance and landscape cost

distance partialling out the effects of the barrier

model; (4) partial Mantel tests between genetic

distances and Euclidean distance, partialling out the

effects of landscape resistance; (5) partial Mantel

tests between genetic distance and the barrier model,

partialling out the effects of landscape resistances.

For a landscape resistance model to be supported in

the first step of the two step causal modeling, tests

(1)–(3) above had to be significant, and tests (4) and

(5) had to be non-significant. All (partial) Mantel

tests were conducted in ECODIST v1.1.3 (Goslee and

Urban 2007) in R with 10,000 permutations (R

Development Core Team 2007).

The second step of the two-step causal modeling

approach tested whether the model that ranked

highest in support across the five diagnostic tests in

the first step was significantly more supported than

the other models also supported in the first step and

whether any of these other models had any signifi-

cant residual explanatory ability after accounting for

the effects of the most supported, top model. To

accomplish this we conducted two sets of additional

diagnostic tests: (1) partial Mantel tests between

genetic distance and the top model, partialling out the

effect of each alternative model in turn; (2) partial

Mantel tests between genetic distance and each

alternative model in turn, partialling out the effect

of the top model. For the top model to be affirmed as

the only hypothesis supported, all of the tests in (1)

had to be significant and none of the tests in (2) had to

be significant. This would show that this top model

has statistically significant ability to predict genetic

distances after removing the effects of all competing

Table 1 Definition of the 16 candidate models of landscape

resistance in American marten evaluated in this study

Model acronym Model definition

E Gaussian function of elevation,

mean 1500 m, 300 m standard deviation

D Tree diameter at breast height

to the 2nd power

R Maintained roads

C Canopy cover

CD C ? D

DR D ? R

CR C ? R

ED E ? D

ER E ? R

CD C ? D

ECR E ? C ? R

ECD E ? C ? D

ERD E ? R ? D

CDR C ? D ? R

ECRD E ? C ? R ? D

M Habitat suitability model from Wasserman

(2008)

Least cost distances were obtained from the Wasserman (2008)

habitat suitability model by treating (1-probability of occur-

rence) as a resistance map and calculating cost distances as

described in the text

Landscape Ecol (2010) 25:1601–1612 1605
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alternative models, and that none of the competing

alternative models have significant ability to predict

genetic distances after removing the effects of the top

model.

Results

Genetic results

We detected marten at 322 of 622 stations surveyed.

Genotypes for 118 stations were obtained, and 117

unique marten genotypes were identified. Within nine

variable microsatellite loci, the number of alleles

ranged from four to ten alleles per locus, with a total

of 57 alleles. Observed heterozygosity was less

than expected heterozygosity in six out of nine loci

(Table S1). However, tests of departure from Hardy–

Weinberg equilibrium by mountain range failed to

identify any locus that consistently departed from

expectation (GENALEX Peakall and Smouse 2005).

Pairwise Fst was 0.004 between Purcell and Cabinet

mountain ranges, 0.036 between Purcell and Selkirk

mountain ranges, and 0.037 between Cabinet and

Selkirk mountain ranges. This indicated little differ-

entiation between the three putative populations

separated by valleys. Assignment tests showed poor

assignments to origin mountain ranges, with a global

misassignment rate of 21%. Selkirk martens were

correctly assigned to their mountain range 89% of the

time, while 55% of Purcell martens and 48% of

Cabinet martens were misassigned. Genetic distance

was significantly correlated with Euclidean distance

(r = 0.1681, P = 0.0001) and the barrier model (r =

0.1814, P = 0.0001).

Scaled univariate landscape resistance models

Elevation 1500 m with a standard deviation of 300 m

was the best supported elevation model (r = 0.2058,

P = 0.0001; Figure S3). The highest ranked of eight

scale functions canopy closure was landscape resis-

tance as the canopy closure to the second power

(Mantel r = 0.1839, P = 0.0001; Figure S4). A linear

function of DBH was identified as the most supported

function (Mantel r = 0.2034, P = 0.0001; Figure S5).

The highest ranked road resistance hypothesis rep-

resented was landscape resistance as a function of

crossing maintained roads (Mantel r = 0.1699,

P = 0.0001; Figure S6).

First step causal modeling

Eight of the 16 alternative scaled models were

supported and eight rejected in the first step of causal

modeling (Table 2). These eight supported models

had statistically significant ability to explain genetic

distance among individual martens after partialling

out the effects of Euclidean distance and the barrier

model. Conversely, Euclidean distance and the bar-

rier model had no independent explanatory ability

after partialling out the effects of each of the eight

supported models. Elevation was the best supported

of the eight supported models based on Mantel r and

P-value. Elevation was therefore chosen as the top

model for the second step of causal modeling.

Second step causal modeling

The second step causal modeling analysis tested

whether the top model, (Elevation 1500_300) had

significant ability to explain genetic distances among

individual martens after partialling out the effects of

the other seven models supported in the first causal

modeling step. The results indicated that elevation

was significantly related to genetic distance after

removing the effects of all seven of the alternative

models, except for the model Elevation ? DBH

(Table 3). It is not surprising that this latter test was

not significant (P = 0.102) as the Elevation ? DBH

model was highly correlated with the top model.

None of the seven alternative models were significant

after partialling out the elevation effect, and all of

their mantel r values were negative. This indicated

that after removing the effect of elevation, none of

these alternative models provided significant expla-

nation of genetic distances. This series of causal

modeling thus confirmed that Elevation1500_300

was the model that best predicts gene flow in

the American marten in northern Idaho (Fig. 2), and

that alternative hypotheses involving isolation by

distance, geographical barriers, canopy closure,

roads, DBH and an empirical habitat model are not

supported.
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Table 2 Results of first step of causal modeling of landscape resistance on genetic distance in American marten

Model G*L,

R

G*L,

p

G*L|D,

R

G*L|D,

p

G*L|B,

R

G*L|B,

R

G*D|L,

R

G*D|L,

p

G*B|L,

R

G*B|L,

p

Causal

model

supported

E 0.207 0.0001 0.131 0.0006 0.101 0.0180 -0.048 0.9110 -0.010 0.6083 Y

D 0.190 0.0001 0.102 0.0067 0.093 0.0240 -0.049 0.8990 0.039 0.2031 Y

CD 0.188 0.0001 0.102 0.0080 0.067 0.0460 -0.056 0.9227 0.045 0.1451 Y

C 0.184 0.0001 0.089 0.0198 0.065 0.0405 -0.047 0.8733 0.057 0.0915 Y

CDR 0.181 0.0001 0.076 0.0656 0.070 0.0469 -0.041 0.8429 0.059 0.1079 N

DR 0.180 0.0001 0.069 0.0886 0.072 0.0500 -0.038 0.8276 0.061 0.1161 N

ECD 0.180 0.0001 0.132 0.0009 0.086 0.0220 -0.076 0.9780 0.064 0.0685 Y

H 0.179 0.0001 0.076 0.0294 0.054 0.0595 -0.042 0.8527 0.060 0.0950 N

ECRD 0.178 0.0001 0.125 0.0012 0.079 0.0330 -0.075 0.9764 0.066 0.0725 Y

CR 0.178 0.0001 0.074 0.0342 0.069 0.0580 -0.045 0.8768 0.066 0.0720 N

ED 0.177 0.0001 0.133 0.0009 0.092 0.0215 -0.065 0.8784 0.069 0.0650 Y

ERD 0.176 0.0001 0.127 0.0015 0.082 0.0265 -0.065 0.8869 0.070 0.0675 Y

CE 0.173 0.0001 0.136 0.0007 0.056 0.0740 -0.074 0.9767 0.076 0.0505 N

ECR 0.173 0.0001 0.130 0.0008 0.083 0.0260 -0.077 0.9801 0.076 0.0350 N

R 0.170 0.0001 0.036 0.1704 0.051 0.0760 -0.027 0.7563 0.082 0.0290 N

ER 0.170 0.0001 0.128 0.0006 0.089 0.0290 -0.065 0.8869 0.084 0.0310 N

Model definitions according to Table 1. There are five Mantel tests comprising the first-step causal modeling: (1) G*L—simple

Mantel test between the candidate model and genetic distance; (2) G*L|D—partial Mantel test between the candidate model and

genetic distance, partialling out Euclidean distance; (3) G*L|B—partial Mantel test between the candidate model and genetic

distance, partialling out the barrier hypothesis; (4) G*D|L—partial Mantel test between the Euclidean and genetic distance,

partialling out the candidate model; (5) G*B|L—partial Mantel test between the barrier hypothesis and genetic distance, partialling

out the candidate model. For a candidate model to be supported tests (1), (2) and (3) must be significant, while tests (4) and (5) must

be non-significant. Mantel tests meeting each criterion are italicized

Table 3 Results of second step causal modeling of landscape

resistance effects on genetic distance in American marten

Model G*E|, r G*E|, p G*|E, r G*|E, p

ECRD 0.0820 0.0182 -0.0431 0.8747

CD 0.0958 0.0142 -0.0387 0.8284

C 0.1015 0.0090 -0.0335 0.8107

ED 0.0488 0.1020 -0.0247 0.7491

ECD 0.0631 0.0451 -0.0287 0.7720

D 0.0931 0.0124 -0.0412 0.8450

ERD 0.0780 0.0216 -0.0465 0.9065

The first column indicates the candidate models (Table 1). (1)

G*E|—partial Mantel test between genetic distance and the

elevation model, partialling out the candidate model; (2)

G*|E—partial Mantel test between genetic distance and the

candidate model, partialling out the elevation model. For a

candidate model to pass the second step of causal modeling test

(1) must be significant, and test (2) must be non-significant.

Only one candidate model passes test (ED), and none pass step

(2). This indicates that none of the seven candidate models is

supported independently of the elevation model

Fig. 2 Landscape resistance to gene flow of American marten

in northern Idaho is a Gaussian function of elevation (model

Elevation 1500_300), i.e. resistance to gene flow for marten in

this study area is minimum at 1500 m in elevation and

increases as a Gaussian function with a 300 m standard

deviation. Resistance ranges from 1 (black) at 1500 m, to 10

(white)
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Discussion

Two-step causal modeling and inference

in landscape genetics

The results of Fst and assignment tests suggested low

to moderate differentiation in the studied marten

population. However, these approaches have lower

power to detect landscape effects than Mantel r (Land-

guth et al., in press) and assume division into internally

panmictic subpopulations (Balkenhol et al. 2009). In

contrast, individual-based landscape resistance

approaches take no such assumption and provide

flexibility to test a range of alternative hypotheses to

identify the drivers of gene flow and reject incorrect

alternatives (Cushman and Landguth 2010a).

We implemented two refinements of the causal

modeling approach that improved our ability to infer

the causes driving gene flow. First, a two-step causal

modeling approach improved a power of the method.

The first step identified a set of alternative models that

explained gene flow better than either isolation by

distance or isolation by barriers. Thus, there was no

independent support for isolation by distance or

isolation by large agricultural valleys in the studied

marten population. The second step causal modeling

allowed us to determine if one of the eight remaining

models could be affirmed as the driving factor and if the

other seven contending models could be rejected. This

second step demonstrated that landscape resistance to

gene flow in American marten was mainly affected by

elevation, with optimum gene flow 1500 m.

Our causal modeling approach enabled us to

definitively reject the isolation by distance and barrier

hypotheses and confirmed that the elevation model

was strongly and independently supported compared

to alternative landscape resistance hypotheses. How-

ever, if we had just tested models of geographic

distance or isolation by barrier, we would have

erroneously concluded that a model of isolation by

barriers was the primary driver of genetic structure in

M. americana in northern Idaho. Many past studies

have stopped when a model of isolation by distance

or barrier was supported, and may therefore often

have missed the true drivers of genetic structure

(Holderegger and Wagner 2008; Balkenhol et al.

2009; Cushman and Landguth 2010a).

A surprising number of landscape genetic stud-

ies have evaluated a single landscape resistance

hypothesis relative to a null model of isolation by

distance or isolation by barriers (e.g. Coulon et al.

2004; Broquet et al. 2006; Schwartz et al. 2009). This

has been shown to produce high risk of inferential

error due to spurious correlations with alternative

but untested hypotheses (Cushman and Landguth

2010a). The results of this study reaffirm this risk.

All of the alternative landscape resistance hypotheses

were highly significantly supported relative to the

null hypotheses of isolation by distance and isolation

by barriers. A priori selection of a single landscape

resistance model would have yielded highly signifi-

cant support, but would have lead to inferential error,

as only one of the 16 alternative models tested was

independently supported. The observation of high

correlation between multiple alternative resistance

models in other species (e.g. Cushman et al. 2006;

Shirk et al. 2010) suggests that reliable inference of

the factors driving gene flow requires formal evalua-

tion of support among a set of realistic candidate

models, while evaluating support for a single land-

scape resistance model in isolation provides a weak

basis for inference.

Importance of scaling landscape resistance

Scale-dependence has rarely been evaluated in land-

scape genetics (but see Pérez-Espona et al. 2008;

Wasserman 2008; Cushman and Landguth 2010b;

Shirk et al. 2010). It is important to correctly match

the scale of each driving variable to the response

process (Wiens 1989). Mismatches in scale may result

in failure to observe a relationship between pattern

and process when one exists, the observation of a

spurious or distorted relationship, or error in evalu-

ation of the significance or effects size of a pattern-

process relationship (e.g. Thompson and McGarigal

2002). Recently, Cushman and Landguth (2010b)

used an individual-based, spatially explicit simulation

model to explore scale dependencies in landscape

genetic inference. Their results indicate little sensi-

tivity in individual-based landscape genetic inference

to variation in the grain of input landscape variables.

In contrast, they demonstrated extremely high sensi-

tivity to misspecification of landscape resistances. The

same pattern of sensitivity to specification of land-

scape resistance has also been observed in empirical

studies (Pérez-Espona et al. 2008; Shirk et al. 2010).

Therefore, correct representation of the scale and

1608 Landscape Ecol (2010) 25:1601–1612

123



functional form of each resistance hypothesis is

critical for reliable inference in landscape genetics,

which was the primary motivation behind the scaling

approach used here.

The scaling conducted in this paper is focused on

empirically optimizing the landscape resistance of

input variables comprising alternative landscape

resistance hypotheses (Pérez-Espona et al. 2008;

Wasserman 2008). Our results provide an empirical

verification of the sensitivity to landscape definition

as shown in the simulation analysis of Cushman and

Landguth (2010b). Specifically, our results demon-

strate that incorrect specification of a resistance

function may result in error in attributing the strength

and nature of the relationships between landscape

composition, resistance to gene flow and genetic

distances among individuals across landscapes. For

example, this study identified elevation as the dom-

inant driver of gene flow. However, an incorrect

choice of the functional form of the elevation model

might have lead to the incorrect conclusion that

elevation was not an important predictor of gene

flow. Indeed, choice of the elevation model with

mean 1200 m and standard deviation 400 m instead

of the optimally scaled model (mean 1500, 300 m

std) would result in rejection of the elevation model

in the first step of causal modeling (Figure S3). This

shows that optimizing the scaling of resistance

models may often be essential for reliable inference

in individual-based landscape genetics.

Insights into marten ecology and population

structure

Some marten populations separated by distances of

several hundred kilometers appear genetically undif-

ferentiated (Kyle and Strobeck 2003). For example,

Broquet et al. (2006) found that M. americana in

northwestern Ontario had very weak correlation

between genetic distance and geographic or ecolog-

ical distance across large spatial extents, with Mantel

r-values nearly an order of magnitude lower than

those of this study. However, the above studies are

from boreal landscapes where elevation, climate and

major vegetation types are constant across large

extents. Failure to detect correlations between land-

scape variables and genetic distances in landscapes in

which the driving variables are uniform and unvary-

ing does not demonstrate that the species does not

rely on suitable landscape conditions to maintain

population connectivity. Relationships between land-

scape variables and gene flow will only be detected if

the pattern of those variables on the landscape limits

gene flow. In our study area the highly varying

topography led to strong spatial variation in land-

scape resistance that was highly correlated with

marten genetic distances.

In addition, our results suggest that habitat suitabil-

ity may not be a reliable proxy for predicting landscape

effects on gene flow. Wasserman (2008) found that

marten occurrence in the study area is highly depen-

dent on forest fragmentation and road density at broad

spatial scales and presence of old-growth forest at fine

spatial scales. This sensitivity to forest fragmentation

and occurrence of late seral forest is consistent with

other studies of American marten habitat associations

(Buskirk and Powell 1994; Ruggiero et al. 1994;

Hargis 1996; Bissonette et al. 1997; Chapin et al. 1998;

Hargis et al. 1999). However, genetic distances were

not independently related to any of these factors,

indicating that habitat selection and gene flow of

American marten may be driven by different factors at

different scales. This may not be surprising, as habitat

selection reflects the behavior of individual organisms

to maximize fitness within home ranges, while gene

flow is driven by mating and dispersal events. This

highlights the importance of not assuming that a

known habitat relationship optimally reflects the

landscape features governing gene flow.

Finding that gene flow of American marten in

northern Idaho is predominately driven by movement

resistance along elevational gradients has several

important implications for understanding the biology

of this species and enabling prediction of population

connectivity under current and potential future land-

scape change scenarios (e.g. Cushman et al. 2008;

Schwartz et al. 2009). In our study area, elevation is

closely associated with snowpack and gradients of

forest vegetation composition and structure. Precipi-

tation ranges from a mean of more than 1778 mm on

the highest peaks to less than 762.0 mm within the

rain shadow of the Selkirk Mountains, and average

winter snow depth ranges from over 300 cm above

1500 m to less than 40 cm below 1200 m. Deep

persistent snow pack is a critical habitat element for

American marten. It excludes predators (e.g. Canis

latrans), and provides high-quality hunting conditions

via subnivean space (Buskirk and Powell 1994). In
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our study area Subalpine fir (Abies lasiocarpa) and

Engelmann spruce (Picea engelmannii) are codomi-

nant above 1500 m, and a diverse mixed forest of

Western Larch (Larix occidentalis), Western Red

cedar (Thuja plicata), and other confier dominates

between 1300 and 1500 m (Evans and Cushman

2009). These forest types have been found to be strong

predictors of occurrence of marten in the study area

(Wasserman 2008). Thus our observed relationship

between elevation and gene flow probably reflects a

combination of the effects of snowpack and vegeta-

tion gradients on dispersal.

The above results suggest that population connec-

tivity of American marten in the northern Rocky

Mountains may be vulnerable to climate change. The

optimal resistance model identified in this study is

closely related to areas of high winter snowpack and

moist montane forest. Climate change is predicted to

result in large increases in winter temperature in the

northern Rocky Mountains (IPCC 2007). This is likely

to result in substantial decrease in the depth of average

winter snowpacks and migration of forest communi-

ties towards higher elevation. In consequence, this

would greatly increase the average resistance of the

landscape to martens and might result in increased

isolation of remnant populations in high elevation

mountains separated by the deep river valleys.
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