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Abstract

A major aim of landscape genetics is to understand how landscapes resist gene flow

and thereby influence population genetic structure. An empirical understanding of this

process provides a wealth of information that can be used to guide conservation and

management of species in fragmented landscapes and also to predict how landscape

change may affect population viability. Statistical approaches to infer the true model

among competing alternatives are based on the strength of the relationship between

pairwise genetic distances and landscape distances among sampled individuals in a

population. A variety of methods have been devised to quantify individual genetic dis-

tances, but no study has yet compared their relative performance when used for

model selection in landscape genetics. In this study, we used population genetic simu-

lations to assess the accuracy of 16 individual-based genetic distance metrics under

varying sample sizes and degree of population genetic structure. We found most met-

rics performed well when sample size and genetic structure was high. However, it was

much more challenging to infer the true model when sample size and genetic structure

was low. Under these conditions, we found genetic distance metrics based on princi-

pal components analysis were the most accurate (although several other metrics per-

formed similarly), but only when they were derived from multiple principal

components axes (the optimal number varied depending on the degree of population

genetic structure). Our results provide guidance for which genetic distance metrics

maximize model selection accuracy and thereby better inform conservation and man-

agement decisions based upon landscape genetic analysis.
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1 | INTRODUCTION

Landscape genetics is an emerging field of ecology that integrates

population genetics, landscape ecology and spatial statistics (Manel,

Schwartz, Luikart, & Taberlet, 2003; Balkenhol, Cushman, Storfer, &

Waits, 2015). A major goal of landscape genetic analysis is a spatial

understanding of how geographic distance and landscape hetero-

geneity limit gene flow. If gene flow is low relative to genetic drift,

populations become differentiated, creating a spatial genetic pattern

that can be used to infer landscape resistance to gene flow. Resis-

tance models provide an empirical basis to inform conservation

efforts such as designing wildlife movement corridors (Beier, Majka,

Newell, & Garding, 2008; Cushman, Wasserman, Landguth, & Shirk,

2013; Epps, Wehausen, Bleich, Torres, & Brashares, 2007) and

assessing the potential impacts of landscape and climate change on

population genetic and demographic viability (Manel & Holderegger,

2013; Sommer, McDevitt, & Balkenhol, 2013; Wasserman et al.,

2012). Indeed, the need for landscape genetic analysis and
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connectivity conservation is becoming increasingly important in an

era of rapid habitat conversion, fragmentation and range shifts dri-

ven by climate change (Segelbacher et al., 2010; Vos et al., 2008).

Landscape genetic analysis begins by forming hypotheses of how

a landscape resists gene flow. A commonly tested hypothesis is

based on the concept of isolation by distance (IBD; Wright, 1943),

which posits that genetic differentiation is a function of the Eucli-

dean distance between individuals or subpopulations. Alternatively,

hypotheses (modelled as raster grids called resistance surfaces;

Spear, Balkenhol, Fortin, McRae, & Scribner, 2010) may reflect the

concept of isolation by resistance (IBR; McRae, 2006), where hetero-

geneous landscapes variably resist gene flow. The interaction

between gene flow and genetic drift may create complex patterns of

genetic differentiation on the landscape. In complex landscapes, dis-

tances are not measured in Euclidean units, but rather, in effective

distances (e.g., least-cost or circuit distances; Adriaensen et al.,

2003; McRae, 2006) given the variable resistance of landscape fea-

tures that affect the focal species’ movement (e.g., roads, forests,

agricultural fields, cities). Collectively, we refer to Euclidean and

effective distances calculated from landscape models of IBD or IBR,

respectively, as landscape distance (LD).

Hypotheses of how landscapes resist gene flow are generally

evaluated by statistical tests relating LD to empirical genetic

distances (GD), which quantify pairwise genetic dissimilarity based

on the multilocus genotypes of individuals sampled across the popu-

lation of interest. In cases where populations form discrete, internally

panmictic subpopulations, landscape and genetic distances are

calculated between sampled subpopulations. However, most wild

populations are more continuously distributed at varying densities

across complex landscapes. Under these circumstances, distances are

more appropriately calculated between individuals than subpopula-

tions, because violating the assumption of discrete subpopulations

can lead to bias and error in the estimate of genetic parameters

(Shirk & Cushman, 2011, 2014). Sampling many individuals (often

several hundred) rather than a few subpopulations provides individ-

ual-based analyses with much greater power to detect landscape

genetic patterns (e.g., Landguth, Cushman, Murphy, & Luikart, 2010).

However, there are a number of different individual-based GD met-

rics currently being used in landscape genetic analyses, and to date,

there has been no comparison of their relative ability to quantify

genetic differentiation in a way that maximizes the likelihood of

identifying the true model among competing alternatives. Without a

rigorous comparison, the choice of GD metric has largely been arbi-

trary, with unknown consequences for landscape genetic inferences.

To better understand differences in performance among existing

individual-based GD metrics, we used population genetic simulations

under both IBD and IBR to evaluate 16 metrics (Table 1) in terms of

their accuracy in identifying the true model during model selection.

These metrics included a variety of coefficients of kinship (Kc), fra-

ternity (Fc) and relatedness (Rc), all of which are based on probabili-

ties of alleles being identical by descent relative to a reference

population (in this case, the sampled population). We also evaluated

several metrics based only on the mathematical dissimilarity of geno-

types, rather than the probabilities of identity by descent, including

TABLE 1 Individual-based genetic distance metrics evaluated, including abbreviation, assumption (+) of Hardy–Weinberg equilibrium (HWE)
and the ploidy appropriate for the method

Metric

Assumptions

Abbreviation HWE Ploidy Reference

Kinship coefficient Kc.Lo Anya Loiselle, Sork, Nason, & Graham (1995)

Kc.R Anya Ritland (1996)

Relatedness coefficient Rc.L&R + 2 Lynch & Ritland (1999)

Rc.Q&G Anyb Queller & Goodnight (1989)

Rc.W + 2 Wang (2002)

Rc.Li + 2 Li et al. (1993)

Fraternity coefficient Fc.L&R + 2 Lynch & Ritland (1999)

Fc.W + 2 Wang (2002)

Rousset’s a â ≥2c Rousset (2000)

Proportion of shared alleles DPS Any Bowcock et al., (1994)

Bray–Curtis distance BC Any Bray & Curtis (1957)

Euclidean distance Euc Any –

Principle component analysis PCA.1axis Any Shirk et al. (2010)

PCA.4axis Any –

PCA.16axis Any –

PCA.64axis Any –

This table was partially based on a similar table in the manual for the program SPAGEDI (Hardy & Vekemans, 2002).
aPloidy of 1 to 8 allowed in the program SPAGEDI.
bPloidy of 2 allowed in the program SPAGEDI.
cPloidy of 2 to 8 allowed in the program SPAGEDI.
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metrics based on principal components analysis (PCA), Euclidean dis-

tance, Bray–Curtis distance and the proportion of shared alleles

(DPS). Finally, we included a GD metric (Rousset’s â; Rousset, 2000)

designed to reflect genetic differentiation among individuals in con-

tinuous populations under IBD (and by extension, IBR, if distances

are given in effective rather than Euclidean units, as in Shirk & Cush-

man, 2011, 2014).

The simulations included two different levels of dispersal that

created either a low or high degree of genetic structure within the

population. We also evaluated GD metrics under two different sam-

ples sizes, including about 18% and 100% of the simulated popula-

tion. We expected the accuracy of all metrics to be greatest when

population genetic structure (i.e., the genetic signal) was high and

sample size was high (i.e., the noise from sampling variation was

low). Conversely, we expected accuracy to be lowest when sample

size was small and genetic structure low. In addition, we hypothe-

sized that GD metrics that assumed random mating (which is vio-

lated under IBD and IBR) would perform poorly relative to other

metrics, particularly when population genetic structure was high.

Finally, this comparison served as a test of a hypothesis we

described in Shirk, Wallin, Cushman, Rice, and Warheit (2010), which

proposed GD metrics based on PCA eigenvalues would have greater

power to detect genetic patterns, particularly when population struc-

ture was low and sample size limited (Shirk et al., 2010).

2 | METHODS

2.1 | Population genetic simulation

We used CDPOP (Landguth & Cushman, 2010) to simulate 100

nonoverlapping generations of mating and dispersal among 1,085

diploid individuals arrayed in a hexagonal grid (Figure 1). CDPOP is an

individual-based simulator of population genetic processes. It simu-

lates mating and dispersal in a finite population assigned to fixed

locations, recording allele usage by all individuals per generation. In

each generation, adult individuals mate according to a user-specified

mating system and probability function based on proximity in Eucli-

dean or effective distance. Once mated, females give birth to a num-

ber of offspring determined by a user-specified probability function

which can also control the sex ratio at birth. After birth, adult mor-

tality occurs probabilistically based on user-specified demographic

parameters. Finally, vacant locations where adults died are filled by

dispersing offspring. Dispersal probabilities follow a user-specified

function based on Euclidean or effective distances to the vacant

locations. If all locations are occupied, any remaining offspring not

yet assigned to a location are eliminated.

We ran 10 replicate sets of CDPOP simulations for each of two dif-

ferent maximum dispersal distances (d), including 20% or 100% of

the maximum Euclidean distance between occupied locations. In each

set, we simulated one population under IBD and 10 populations

under IBR. With 11 simulations per set, 10 replicates and two levels

of dispersal, there were a total of 220 simulations. All simulations

were based on landscapes represented by a 1,024 9 1,024 cell raster

grid, with each side of the square cells measuring 1 unit of Euclidean

distance. We used the program QRULE (Gardner, 1999) to create the

IBR landscapes, with resistance values ranging from 1 to 16 in equal

proportions. These values represented resistance to movement such

that the “cost” to traverse a grid cell was equal to the cell size (1 unit)

times the resistance. Thus, a value of one implies that Euclidean and

effective distances are equal, and is the raster equivalent of IBD. In

the IBR landscapes, values greater than one indicate additional cost

to movement beyond the effect of distance alone. The lowest value

(1) was distributed with a cohesion parameter of 0.5, which produced

clumped distributions of resistance that are commonly observed in

real landscapes (Figure 1). Because this pattern of resistance varied

between the 10 IBR landscapes (Fig. S1), the effective landscape dis-

tance between individuals varied in the IBR simulations.

In the IBD simulations, dispersal and mating probabilities were a

function of the inverse square of the Euclidean distance between

individuals, with a threshold maximum distance (d) set to either 20%

or 100% of the largest pairwise Euclidean distance between individ-

uals in the landscape (1,345 units). In the IBR simulations, dispersal

and mating probabilities were a function of the inverse square of the

cost-weighted distance between individuals, with a threshold maxi-

mum distance set to 20% or 100% of the largest pairwise cost-

weighted distance between individuals in the landscape

(mean = 3,200, SD = 438). We calculated cost distances (i.e., accu-

mulated cost of the least-cost path between all pairs of individuals,

given the raster resistance surface) with the “GDISTANCE” package (van

Etten, 2014) in the R statistical environment (R Core Team 2013).

We expect very low genetic differentiation in simulations where dis-

persal was allowed up to 100% of the maximum pairwise distances

in both the IBD and IBR simulations. Conversely, we expected high

genetic differentiation when dispersal was limited to 20% of the

maximum pairwise distances.

F IGURE 1 Simulated landscape and population. This is an
example of an isolation-by-resistance raster (1,024 9 1,024 grid
cells), with resistance varying from 1 (white) to 16 (black) and low
resistance cells clustered with a cohesion value of 0.5. The
population (n = 1,085; black circles) was arrayed in a hexagonal grid
in all simulations
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Except for varying mating and dispersal probability as a function

of the landscape (IBD or one of the 10 IBR landscapes), the CDPOP

parameters were the same in all simulations and based on a constant

population of 1,085 individuals meeting Wright–Fisher assumptions

(Wright, 1931). Generations were discrete and nonoverlapping (i.e.,

all adults died simultaneously at the end of each generation). There

was no selection, mutation or immigration from outside the popula-

tion. Individuals were diploid. Mating was sexual and with replace-

ment for either sex. The number of offspring was based on a

Poisson distribution with a mean of 4. This provided ample offspring

to fill all vacant locations. The simulation tracked alleles at 30

codominant marker loci, with 30 alleles randomly assigned per locus

to the first generation. In each generation for 100 generations, CDPOP

recorded the genotypes of all individuals in the population. Previous

simulations using similar landscapes and populations have shown

that landscape genetic patterns emerge and equilibrate within 100

simulated generations (e.g., Landguth et al., 2010).

To track the formation of genetic structure over time within the

simulations, we calculated the inbreeding coefficient (FIS) from

observed (Ho) and expected (He) heterozygosity recorded for all indi-

viduals each generation in the CDPOP output file (FIS = 1 � Ho/He).

FIS quantifies the reduction in heterozygosity due to nonrandom

mating within the sampling extent. Positive FIS values indicate the

local extent of mating and dispersal is small relative to the full extent

of the sampling area (Shirk & Cushman, 2014). We used FIS to track

the formation of population genetic structure over time in the simu-

lation and to confirm that the degree of genetic structure matches

our expectations (i.e., population genetic structure should be greater

for IBR simulations compared to IBD and when dispersal is low com-

pared to when dispersal is high).

2.2 | Genetic distances

We calculated individual-based GD metrics from the genotypes of

each individual in the population recorded by CDPOP after 100 simu-

lated generations. All GD metrics were represented as N 9 N dis-

tance matrices, where N equals the sample size (either 200 or

1,085). We calculated individual-based GD using 16 different meth-

ods listed in Table 1. We used the program SPAGEDI (Hardy & Veke-

mans, 2002) to calculate the kinship and relatedness coefficients as

well as Rousset’s â. We used the R package “ADEGENET” (Jombart,

2008) to calculate proportion of shared alleles. We calculated the

PCA-based GD metrics in the R statistical environment (R Core

Team 2013) by first calculating principal components (PC) from allele

usage (0, 1 or 2) for all alleles in the population and then creating

distance matrices from the Euclidean distance among varying num-

bers of PC axes (1, 4, 16 or 64; Shirk et al., 2010). Finally, we calcu-

lated Euclidean and Bray–Curtis GD using the R package “ECODIST”

(Goslee & Urban, 2007).

To assess the relationships among individual-based GD metrics,

we computed a dissimilarity matrix among all metrics based on the

complement of the Pearson correlation averaged across all 220 sim-

ulations (20 IBD and 200 IBR simulations). We then used the “stats”

package in R to perform hierarchical clustering on the dissimilarity

matrix and plotted the results with a dendrogram.

2.3 | Model selection

For each of the 10 replicate CDPOP runs, there were 10 IBR simula-

tions (based on the 10 IBR resistance surfaces described above) and

1 IBD simulation, for a total of 11 simulations per replicate. We eval-

uated each GD metric in terms of its ability to correctly identify the

true model among the 11 competing alternatives. We used the

MLPE.lmm() function of the R package “RESISTANCEGA” (Peterman, Con-

nette, Semlitsch, & Eggert, 2014) to fit linear mixed-effects models

with maximum-likelihood population effects (MLPE) for each com-

peting model (Clarke, Rothery, & Raybould, 2002). The mixed-effects

model implemented in this function accounts for the nonindepen-

dence inherent in pairwise distance matrices, avoiding problems

associated with other common landscape genetic model selection

methods (Clarke et al., 2002). The response variable was GD (based

on the multilocus genotypes of the simulation corresponding to the

true resistance model), and the predictor variable was log-trans-

formed LD values (pairwise cost distances calculated between all

individuals given the resistance model, or Euclidean distance if the

model was IBD). We used the Akaike information criterion (AIC,

obtained from the fitted MLPE model) to determine which resistance

hypothesis among the 11 candidates was most related to the pattern

of genetic differentiation quantified by the GD matrix (based on the

lowest AIC score). We then calculated the per cent accuracy for

each GD metric based on the proportion of times it identified the

true model among competing alternatives during the 110 iterations

(10 replicates of 11 resistance models). For comparison, a random

model selection would have an accuracy of 1/11 = 9.1%. In addition

to calculating accuracy, we also used the sem.model.fits() function in

the R package PIECEWISESEM (Lefcheck, 2016) to calculate the top mod-

el’s conditional R2, a measure of model fit for mixed-effects models

that includes both fixed and random effects.

The accuracy assessment described above reflects a binary cor-

rect/incorrect classification of accuracy. However, a GD metric could

identify an incorrect model that was similar in resistance values to

the true model, and therefore be, in a sense, partially correct. To

quantify the degree to which the identified model matched the true

model, we calculated the mean absolute difference between the

resistance of the true model and the top model.

3 | RESULTS

3.1 | Simulations

In the high dispersal (d = 100%) simulations, under both IBD and

IBR, population genetic structure (i.e., nonrandom mating measured

by FIS calculated over the entire simulated population) arose quickly

within the first five generations and then plateaued at a low level

with FIS < 0.01 for the remainder of the simulation (Figure 2). In the

low dispersal (d = 20%) simulations, under both IBD and IBR,
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population structure arose more slowly and the increase in FIS did

not plateau until about 40–50 generations. The IBR simulations with

low dispersal exhibited slightly higher genetic structure after the pla-

teau (FIS ~ 0.05) compared to the low dispersal IBD simulations

(FIS ~ 0.04).

3.2 | GD metric evaluation

The two fraternity coefficients (Fc.L&R and Fc.W) and the four

related PCA-based GD metrics formed distinct branches in the den-

drogram, reflecting low correlation to other GD metrics (Figure 3).

The other metrics were all highly correlated (r > 0.70) and formed a

distinct cluster in the dendrogram. The BC and DPS metrics were

perfectly correlated and henceforth will be treated as a single

metric.

Across all metrics, accuracy was highest (mean = 92.3%) when

sample size was high (n = 1,085) and dispersal was low (d = 20%).

Conversely, accuracy was lowest (mean = 48.9%) when sample size

was low (n = 200) and dispersal was high (d = 100%). Intermediate

levels of accuracy (mean = 79.9%) occurred when either sample size

or dispersal was low, but not both (Figure 4; Table S1). Under the

most favourable conditions to identify the true model (high sample

size and low dispersal), all but three of the GD metrics achieved near

100% accuracy. The three that underperformed under these condi-

tions included the two fraternity coefficients (Fc.L&R and Fc.W) and

the PCA metric using only 1 PC axis. Under the most difficult condi-

tions to identify the true model (low sample size and high dispersal),

the PCA metric using 64 PC axes was the most accurate metric.

Accuracy of the PCA metric increased as more PC axes were used.

The poorest performing metrics remained the same as above and

included the two fraternity coefficients and the PCA metric with

only 1-axis. All other metrics performed similarly. In intermediate

conditions (low sample size or low dispersal, but not both), the most

accurate metrics included three of the four relatedness coefficients

(Rc.Q&G, Rc.W and Rc.Li), Rousset’s â, DPS/BC, Euclidean and the

PCA-based GD metrics with >1 axis (Figure 4 middle two panels).

The least accurate metrics remained the same as above and included

the two fraternity coefficients and the PCA metric with only 1-axis.

The two kinship coefficients (Kc.Lo and Kc.R) as well as the related-

ness coefficient of Lynch and Ritland (Rc.L&R) formed a middle tier

of accuracy, generally underperforming the top tier and outperform-

ing the bottom tier.

In general, GD metrics associated with high model selection

accuracy also had high model fit (as measured by conditional R2 of

the mixed-effects model relating GD to LD; Fig. S2). For example, as

the number of PC axes increased in the PCA-based GD metric,

model selection accuracy generally increased and so did the R2.

F IGURE 2 Establishment of population genetic structure.
Population genetic structure, as measured by the mean inbreeding
coefficient (FIS) calculated from all simulated individuals, plateaued
within the first few generations for both the isolation-by-distance
(IBD; white symbols) and isolation-by-resistance (IBR; black symbols)
simulations when maximum dispersal distance (d) was 20% of the
maximum pairwise landscape distance (triangle symbols). When
dispersal was higher (d = 100% of maximum pairwise landscape
distance), genetic structure established more slowly, plateauing after
about 40–50 generations. Values represent the mean of FIS across
10 (for IBD) or 100 (for IBR) simulations, and error bars represent
the standard deviation

F IGURE 3 Hierarchical clustering of genetic distance metrics. The
dendrogram branch distances correspond to the compliment of the
Pearson correlation among the 16 individual-based genetic distance
metrics, averaged across 220 simulations (20 IBD and 200 IBR)
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Conversely, the two fraternity coefficients consistently had the low-

est accuracy in model selection and had very low corresponding R2

values. However, this relationship was not always consistent. For

example, the Rousset’s â and Euclidean GD metrics had R2 values at

least twice as high as the other metrics not based on PCA, but this

higher degree of model fit did not translate into greater model selec-

tion accuracy.

The mean absolute error (MAE) in resistance (i.e., the average

absolute difference between the true resistance model and the

model identified during model selection) reflected the same relative

differences among GD metrics, varying by metric, sample size and

dispersal distance. Under optimal conditions (high sample size

and low dispersal), all metrics except the two fraternity coefficients

and the 1-axis PCA metric exhibited low MAE approaching zero

(Fig. S3). Under the most difficult conditions (i.e., low sample size

and/or high dispersal), the two fraternity coefficients had the highest

MAE (almost 5) and the high axis (≥16) PCA metrics had the lowest

MAE (approaching 2 as the number of axes increased).

The distribution of variance explained by the PC axes varied

depending on the strength of dispersal (Figure 5). When dispersal

was low (d = 20%), the first two PC axes explained significantly

more variance than subsequent axes (based on the broken stick

model criterion; McGarigal, Cushman, & Stafford, 2000). However,

when dispersal was high (d = 100%), the variance explained by each

subsequent axis was only slightly lower, and no PC axes were signifi-

cant.

4 | DISCUSSION

We have demonstrated that the accuracy of model selection varies

as a function of sample size, the degree of spatial structure in the

population (a function of the dispersal parameter) and the metric

used to quantify genetic distances among individuals. The impor-

tance of sample size and dispersal was expected based both on pop-

ulation genetic theory and on recent studies that have explored

model selection accuracy in landscape genetics (Kierepka & Latch,

2015; Landguth et al., 2012; Zeller et al., 2016). However, the differ-

ences we observed in model selection accuracy among 16 individual-

based genetic distance metrics are a novel finding that fills a key

knowledge gap in the practice of landscape genetics. At present,

there is no consensus on which genetic distance metrics to use and

few studies provide justification for their choice of metric. Our

results provide guidance regarding which metrics produce the most

accurate inferences, particularly under the most challenging condi-

tions that occur when sample sizes are limited and dispersal is high.

F IGURE 4 Model selection accuracy.
The proportion of the time the correct
model was identified among 11 competing
hypotheses is shown for each of 16
individual-based genetic distance metrics,
at two levels of sample size (n = 200 or
1,085) and two levels of maximum
dispersal (d = 20% or 100% of the
maximum pairwise landscape distance).
Values represent the mean accuracy across
10 isolation-by-distance simulations and
100 isolation-by-resistance simulations,
and error bars represent the standard
deviation
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Shirk et al. (2010) hypothesized that PCA-based metrics would per-

form best under these conditions because PCA concentrates vari-

ance among loci into composite gradients that should provide a

stronger signal than metrics that weight all loci (even those with lit-

tle variability) equally. Our results confirm this hypothesis, but also

show that some of the simplest metrics, such as Euclidean distance,

Bray–Curtis and DPS, perform nearly as well under the conditions of

our evaluation. Use of the best performing metrics should improve

the reliability and consistency of landscape genetic analyses and bet-

ter inform conservation and management decisions based on them.

As expected, detecting the true landscape model underlying the

simulated pattern of genetic differentiation was most reliable when

sample size was large and population genetic structure was high.

This has been demonstrated in several comparative landscape

genetic studies using simulations (Landguth et al., 2010, 2012; Zeller

et al., 2016). Under these conditions in the present study, most GD

metrics achieved nearly 100% accuracy. However, both fraternity

coefficient metrics and the 1-axis PCA metric performed poorly by

comparison. Fraternity coefficients have identical probabilities of

identity by descent for most closely related individuals (except full-

siblings and double first cousins). It may be that the inability to

resolve closely related individuals limits the ability of fraternity coef-

ficients to quantify genetic distances in a way that maximizes model

selection accuracy in landscape genetics. We are aware of no pub-

lished studies using fraternity coefficients in landscape genetic model

selection (although fraternity coefficients have been used in land-

scape genetic analyses; e.g., Oddou-Muratorio, Demesure-Musch,

P�elissier, & Gouyon, 2004). Our results support the continued avoid-

ance of these metrics in landscape genetic model selection, regard-

less of population structure or sample size.

The PCA GD metric based on 1 PC axis also performed poorly rel-

ative to other metrics under all levels of sample size and dispersal.

Unlike fraternity coefficients, however, this metric has been used pre-

viously in landscape genetic model selection (Shirk et al., 2010). Given

that including more than one PC axis greatly improved model selec-

tion accuracy in our simulations under all conditions, our results sug-

gest future landscape genetic studies should consider including

multiple axes. Indeed, there are already examples of landscape genetic

model selection (e.g., Castillo, Epps, Davis, & Cushman, 2014) and

landscape genetic analyses (e.g., Grivet, Sork, Westfall, & Davis, 2008)

that have employed multiple PC axes to quantify genetic distances.

The increase in model selection accuracy due to including multi-

ple PC axes raises the question of exactly how many to include.

Generally, PCA-based analyses involve quantifying the per cent of

variation explained by each PC axis and then interpreting or summa-

rizing only a relatively few axes that are significant (e.g., as deter-

mined by statistical tests such as the broken stick model; Jackson,

1993; Peres-Neto, Jackson, & Somers, 2005). In landscape genetics

of discrete populations separated by strong barriers, these large

eigenvectors have been shown to correspond to the major genetic

clusters in a population (Jombart, 2008; Patterson, Price, & Reich,

2006); however, their meaning in continuous populations under IBD

and IBR is less clear. In our simulations, when dispersal was low

(d = 20%), the first several eigenvectors were generally significant

(Figure 5, panel A). Including these first several axes (as opposed to

just the first PC axis) resulted in a large improvement in model selec-

tion accuracy, but adding additional axes beyond the significant ones

did not improve accuracy further. In fact, the PC axes explaining the

lowest variance are likely driven by sampling noise and including

them should reduce model selection accuracy. The effect of adding

“noisy” axes may have been responsible for the slightly decreased

accuracy we observed when 64 of the 199 PC axes (when n = 200)

were included (although the differences were not significant).

When dispersal was high (d = 100%), no PC axes were significant

using the broken stick test (Figure 5, panel B). Under these condi-

tions, model selection accuracy increased as more axes were added

up to the maximum we evaluated (64). This suggests the subtle pop-

ulation structure under these conditions is not captured by a few

large eigenvectors. Thus, if the first few PC axes are not significant,
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it indicates a more cryptic population structure that may require

many PC axes to quantify. Under the most challenging conditions to

identify the true landscape model (i.e., high dispersal and low sample

size), the high-dimension PCA-based metric (with 64 PC axes) was

the most accurate of all GD metrics. This supports the notion that

PCA-based GD metrics are more sensitive compared to other meth-

ods because the largest eigenvectors are comprised of alleles that

are more variable in the population and therefore more diagnostic of

population genetic structure compared to common alleles (as pro-

posed by Shirk et al., 2010).

Although our study highlights the potential advantages of PCA-

based GD metrics, we note that the spatial configuration of the pop-

ulation on the landscape has been shown to affect the distribution

of variance explained among the eigenvectors (Patterson et al.,

2006). Thus, the appropriate number of PC axes to include may vary

with the population distribution. For example, even though the

1-axis PCA-based GD metric performed poorly in this study, in Shirk

et al. (2010), the 1-axis PCA-based GD metric exhibited a surpris-

ingly strong correlation to several of the related landscape resistance

models evaluated during model selection. It may be that differentia-

tion along the linear distribution of the population (i.e., mountain

goats distributed along a linear mountain range) was adequately

quantified by a single dominant eigenvector. Exploration of the per-

formance of PCA-based GD metrics under varying population config-

urations (not just the square uniform distribution used in this study),

landscape configurations, number of eigenvectors and the proportion

of variance explained by the included eigenvectors should provide

insights to improve the reliability of this approach under diverse

population structures.

Aside from the most accurate (multiaxis PCA) and least accurate

(fraternity coefficients and 1-axis PCA) metrics, there was little dif-

ference among the other metrics under most conditions. All of these

middle-tier metrics clustered together in the same tertiary branch of

the dendrogram and were highly correlated with each other

(r > 0.70), so it is not surprising they were similar in performance.

Among them, three of the four relatedness coefficients, as well as

Rousset’s â, DPS, Bray–Curtis and Euclidean, all performed slightly

better than the two kinship coefficients or the relatedness coeffi-

cient of Lynch and Ritland (1999) under most conditions, although

the differences were not significant. Surprisingly, even though the

assumption of a large random breeding population in HWE was vio-

lated in all simulations (particularly when dispersal was low), the

relatedness coefficients of Wang (2002) and Li, Weeks, and Chakra-

varti (1993) performed as well as Rousset’s â, which was designed to

quantify genetic differentiation in continuous populations isolated by

distance. Violation of the HWE assumption may produce an upward

bias in the estimate of relatedness for these coefficients (Wang,

2011). It appears that the relative differences among individuals

were preserved, despite the bias, such that the pairwise genetic dis-

tances were still strongly related to the corresponding pairwise land-

scape distances. If so, meeting this assumption may be more critical

for analyses where the absolute value of relatedness matters more

than the relative values between individuals.

Graves, Beier, and Royle (2013) noted that the stochastic

processes that produce genetic variation result in a high degree of

variation in interindividual genetic distances. This produces a high

signal-to-noise ratio that has the potential to confound landscape

genetic analysis, particularly those that assume a linear relationship

between genetic and landscape distances. To explore this issue, they

used population genetic simulations to assess model selection accu-

racy in the context of stochastic population processes. Specifically,

they systematically explored the parameter space using Mantel tests

(Mantel, 1967) to relate simulated genetic distances (using the DPS

metric) to effective distances and found that the optimal parameters

rarely matched the true parameters of the simulated resistance

model. Ultimately, they concluded that “the picture looks quite glum

for precisely or accurately estimating resistance values using

interindividual genetic distances and Mantel correlations.” Our study

is not directly comparable because we used a different model selec-

tion approach (based on AIC values from mixed-effects models,

rather than Mantel tests) and our resistance model parameter space

was much more restricted (i.e., we only explored 11 univariate resis-

tance hypotheses per model selection exercise, compared to a large

multivariate parameter space). However, our results indicate that it is

possible to detect landscape genetic relationships with high accuracy

using linear models despite the low signal-to-noise ratio, particularly

in highly structured populations (i.e., when dispersal is low relative

to landscape distances between individuals).

Unlike the Mantel test used in Graves et al. (2013), the mixed-

effects model we used for model selection includes random effects

that account for the nonindependence inherent in the distance

matrices. This alone may explain our contrasting observation that lin-

ear models can potentially yield highly accurate landscape genetic

inferences. However, our results suggest the choice of GD metric is

also important. It is common in landscape genetic analysis with linear

models to observe poor measures of model fit because “noisy”

genetic distances do not form strongly linear relationships to land-

scape distances, even with log transformation. Indeed, the condi-

tional R2 values in our study for many of the metrics was very low

(<0.25), and the GD metrics with the lowest model fit were the least

accurate in model selection. However, the high-dimension PCA-

based GD metrics exhibited a much stronger linear relationship to

landscape distances, with conditional R2 values approaching 0.75.

This suggests PCA-based GD metrics improve the linearity of land-

scape genetic relationships, perhaps explaining their greater accuracy

relative to other GD metrics in our study.

For new landscape genetic studies, our results suggest PCA-based

GD metrics offer the best prospects for model selection accuracy and

linearizing the relationship between GD and LD, although the number

of PC axes to include requires further study. GD metrics based on

Euclidean distance, Rousset’s â, Bray–Curtis, DPS and relatedness coef-

ficients (except Rc.L&R) offer alternatives to PCA GD metrics with

nearly the same accuracy. Model fit using these metrics was low, how-

ever, suggesting these metrics are noisier and less linearly related to

LD compared to PCA-based metrics. The Euclidean, Bray–Curtis, DPS

and PCA-based GD metrics have the advantage of making no

8 | SHIRK ET AL.



biological assumptions, so they are appropriate for any population, at

any level of ploidy or inbreeding. For previous landscape genetic stud-

ies that did not use the top-performing metrics, it may be informative

to repeat them with better performing GD metrics. Indeed, several

studies have already explored the congruence of two or more GD met-

rics to better understand the sensitivity of their results to the metric

chosen (e.g., Castillo et al., 2014; Shirk et al., 2010). If genetic differ-

entiation in the population under study is very high and sample size is

large, our results suggest the choice of metric is much less important,

as all metrics except the two fraternity coefficients and the 1-axis PCA

metric had accuracy approaching 100%. However, in cases where dis-

tances between sampled individuals or subpopulations exceeds the

local extent of mating and dispersal (e.g., in a highly dispersed and

clumped population, or a highly dispersed and clumped sampling of a

continuous population), the relationship between landscape and

genetic distances becomes uncoupled. Despite high genetic differenti-

ation under these circumstances, no genetic distance metric would be

expected to perform well, regardless of sample size.

The focus of this study was to compare the performance of GD

metrics in landscape genetic model selection. In this comparison, we

used a limited set of landscape models, an idealized population con-

tinuously distributed across the landscape, and a single statistical

metric (AIC derived from mixed-effects modelling with maximum-

likelihood population effects) to evaluate the relationship between

LD and GD. We have no reason to expect the relative performance

among GD metrics to change in the context of different landscapes,

assumptions or model selection criterion. However, it is possible our

results are sensitive to these sources of variation. Understanding

how the accuracy of landscape genetic inferences is affected by the

way hypothesis space is searched and the properties of the statisti-

cal test remain key knowledge gaps in this emerging field, although

recent studies are helping to fill that void (Balkenhol, Waits, & Dez-

zani, 2009; Cushman et al., 2013; Kierepka & Latch, 2015; Zeller

et al., 2016). Future studies aimed at better understanding these

aspects of landscape genetics may benefit from using the best per-

forming GD metrics.
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