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Landscape genetics, an emerging field integrating landscape ecology and population genetics, has great potential to
influence our understanding of habitat connectivity and distribution of organisms. Whereas typical population genetics
studies summarize gene flow as pairwise measures between sampling localities, landscape characteristics that influence
population genetic connectivity are often continuously distributed in space. Thus, there are currently gaps in both the
ability to analyze genotypic data in a continuous spatial context and our knowledge of expected of landscape genetic
structure under varying conditions. We present a framework for generating continuous “genetic surfaces”, evaluate their
statistical properties, and quantify statistical behavior of landscape genetic structure in a simple landscape. We simulated
microsatellite genotypes under varying parameters (time since vicariance, migration, effective population size) and used
ancestry (q) values from STRUCTURE to interpolate a genetic surface. Using a spatially adjusted Pearson’s correlation
coefficient to test the significance of landscape variable(s) on genetic structure we were able to detect landscape genetic
structure on a contemporary time scale (=5 generations post vicariance, migration probability <0.10) even when
population differentiation was minimal (Fst >0.00015). We show that genetic variation can be significantly correlated
with geographic distance even when genetic structure is due to landscape variable(s), demonstrating the importance of
testing landscape influence on genetic structure. Finally, we apply genetic surfacing to analyze an empirical dataset of
black bears from northern Idaho USA. We find black bear genetic variation is a function of distance (autocorrelation) and
habitat patch (spatial dependency), consistent with previous results indicating genetic variation was influenced by
landscape by resistance. These results suggest genetic surfaces can be used to test competing hypotheses of the influence of

landscape characteristics on genetic structure without delineation of categorical groups.

A key objective of ecological studies is to understand the
influence of biotic and abiotic factors on population
connectivity, and resulting fine-scale species’ distributions
across a landscape. As a relatively new approach to assess
connectivity, landscape genetics is an emerging discipline
that aims to quantify the effect of landscape composition,
configuration and matrix quality on the spatial distribution
of genetic variation (Holderegger and Wagner 2006, Storfer
et al. 2007). Evaluating neutral genetic variation in a
landscape context has already provided insights into species’
ecology such as identification of potential barriers to gene
flow (for review, see Manel et al. 2003, Storfer et al. 2007).
However, our ability to quantify the relationship between
genetic variation and multiple landscape variables with a
robust assessment of error is currently constrained by the
unique nature of multilocus data and available analytical
tools (Storfer et al. 2007).

Compared to typical ecological data, spatial incorpora-
tion of neutral multilocus genetic data presents two unique
complexities. Whereas typical ecological response variables
(e.g. soil moisture, tree height, site occupancy) have direct

ecological interpretation and the observed value can be
input directly into a statistical model, neutral genotypic
measurements such as microsatellites are a collection of
DNA fragment lengths. These data are only a meaningful
response variable when being considered in the context of
relationships among alleles, as allele frequency distributions,
and/or differences in heterozygosity. In addition, ecological
measurements can be associated with explicit spatial
locations. In contrast, genetic summary statistics are
generally not associated with sample locations, but represent
an aspatial genetic distance between sample pairs (e.g. Fsr,
Nei’s distance).

Several studies propose methods to estimate spatial
location(s) of gene flow between pairs of sample locations
(Arnaud 2003, Spear et al. 2005, McRae 2006, Cushman
et al. 2006, McRae and Beier 2007). These approaches are
extremely valuable; however, most methods only select a
single path through the landscape based on ranked costs
(but see McRae and Beier 2007). Although multiple costs
or combinations can be tested (Cushman et al. 2006),
empirical costs of movement though the landscape may be
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unknown, difficult to hypothesize, or landscape variables
may have a non-linear relationship with gene flow. In
addition, significance of landscape genetic variation is often
evaluated using the partial Mantel tests where significance
tests may be unreliable (Raufaste and Rousset 2001, Rousset
2002, Castellano and Balletto 2002).

As an alternative, spatial autocorrelation statistics have
been used to explain genetic variation in a spadally
continuous manner (Slatkin and Arter 1991, Sokal et al.
1997, 1998, Epperson 2003, Shimatani and Takahashi
2003). However as opposed to strict spatial autocorrelation,
the pattern of genetic variation may be the result of spatial
dependency (Wagner and Fortin 2005), where another
spatial variable drives genetic variation (e.g. habitat patch;
Bockelmann et al. 2003, Keyghobadi et al. 2005). If this
variable is autocorrelated, the result can be a significant
autocorrelation statistic, deemed “false autocorrelation”
(Legendre et al. 2002). In addition, there may be an
interaction between autocorrelation and spatial dependency
(Legendre et al. 2002, Fortin and Dale 2005). An optimal
solution would allow testing of multiple landscape char-
acteristics with competing hypotheses of autocorrelation,
spatial dependency, and autocorrelation-spatial dependency
interaction without the necessity of defining costs of
independent variables (Storfer et al. 2007). To achieve
this goal, raw multilocus genotypic data could be converted
into point representations of genetic variation, creating a
common theoretical base for data analysis between popula-
tion genetics and spatial statistics (Shimatani and Takahashi
2003).

Representing whole genotypes as spatially referenced,
continuous measures of genetic structure would advance
our ability to test the effect of continuous landscape
variables with well-developed multivariate spatial statistics,
such as spatial regression methods (Fotheringham et al.
2002, Haining 2003) and point pattern analysis (Diggle
2003). These methods offer several advantages relative to
widely applied methods in landscape genetics including:
ability to estimate the influence of multiple independent
variables simultaneously, parameter estimates for these
variables that are valid in the presence of spatial auto-
correlation, robust assessment of uncertainty, and ability to
use landscape genetic models for spatial prediction (Wagner
and Fortin 2005). Thus far, such methods have yet to be
derived for landscape genetics.

To address these issues, we develop and evaluate an
approach based on a novel integration of available meth-
odological components for creating a continuous surface of
genetic variation. We use a Bayesian clustering algorithm
(Pritchard et al. 2000) to generate an ancestry value for each
spatially referenced genotype to generate point values for
surface interpolation. Via simulation, we address the
following questions using a genetic surfacing approach: 1)
does landscape genetics have the power to detect the effect
of contemporary landscape condition? 2) How much data
are needed to have the power to detect landscape genetic
structure? 3) Can landscape genetics accurately identify the
process(es) generating landscape genetic structure? 4) What
is gained using a landscape genetic approach compared to
standard global statistics (Fsr)? Finally, we use a black bear
genetic dataset from northern Idaho, USA (Cushman et al.
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2006) to give an example of genetic surfacing with an
empirical dataset.

Methods
Simulation components

Our genetic surfacing simulations had six main steps:
defining the landscape, simulation of multilocus genotypes,
subsampling genotypes, estimating ancestry, surface inter-
polation, and testing models of landscape genetic structure.
We outline the steps of the simulations below and as a flow
chart (Fig. 1). Additional details are located in Supplemen-
tary material, Appendix S1.

Step 1 — defining the Landscape

We defined two landscapes (48 x 48 km) in ArcInfo (ESRI
2005). Landscape A (Fig. 1A) contained two patches of
equally suitable habitat separated by unsuitable habitat and
was used to simulate a landscape effect independent of
distance (i.e. spatial dependency). In landscape B (Fig. 1B),
each patch was partitioned into five subpatches of equally
suitable habitat for simulations including autocorrelation.
In an empirical landscape, habitat patches could be defined
by landscape variables (e.g. slope or moisture) or ideally, the
landscape could be represented by continuous values

(McGarigal and Cushman 2005).

Step 2 — simulation of multilocus genotypes

To address if landscape genetics has the power to detect the
effect of current landscape condition, we simulated micro-
satellite genotypes in EasyPop 1.8 (Balloux 2001) under
various conditions (Table 1). In EasyPop we parameterized
either two (Fig. 1A; one “population” per habitat patch) or
10 “populations” (Fig. 1B; one “population” per sub-
patch). It should be noted that these are “populations” only
as the population parameter in EasyPop (Balloux 2001).
That is, with high levels of migration, they may be
genetically indistinct. In landscape A, we varied time since
vicariance (T, number of generations of separation),
migration (M, probability per individual of migration per
generation), and effective population size (N, number of
breeding individuals contributing to the next generation)
(Balloux 2001). In landscape B, we implemented a
hierarchical stepping-stone model of migration (HM)
(Balloux 2001). The hierarchical stepping-stone model of
migration has two migration parameters: migration rate
between subpatches within the same patch and migration
rate between patches (Fig. 1B). We used this model to
simulate a distance effect (i.e. autocorrelation without an
effect of the unsuitable habitat) and an interaction between
distance and landscape patch (Fig. 1B, see Table 1 for range
of conditions). To model genetic variation within popula-
tions of a mobile species, we incorporated the potential for
individuals to move freely within their given habitat patch
within a generation. We implemented this by randomly
assigning individuals within their patch (landscape A, Fig.
1) or subpatch (landscape B, Fig. 1) using ArcMap 9.1
(ESRI 2005) for each simulation.
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Table 1. Simulation parameters and power to detect landscape genetic structure with full dataset. The table displays EasyPop (Balloux 2001)
simulation conditions as follows: simulation identification (Simulation), the number of generations post vicariance (Gen), probability of
migration per individual per generation across the unsuitable habitat (Fig. 1) (M Between), probability of migration between adjacent
subpatches within populations (Fig. 1) (M Within), total effective population size for the entire landscape (Total N,), number of simulated (not
genetically identified) populations or subpopulations (Pops), simulated model of genetic structure (MGS), and landscape used for simulation
(Land). Simulated MGS was distance (Dist), habitat patch, or patch-distance interaction (PXD). We held all other parameters constant across
simulations (see text). The table displays mean correlation coefficient (uR), number significant correlations (Sig, X/5), and standard deviation
(SD) for correlations between the model of landscape genetic structure and genetic surface. Simulation codes are as follows: T —time since
vicariance, M — migration rate, and HM — hierarchical migration model. For population size (N) and unequal effective population size (UN),
see Supplementary material, Appendix S1b.

Simulation Gen M Between M Within Total Ne Pops MGS Land uR Sig SD

T1 0 0 Na 1000 2 None A 0.071 0 0.027
T2 1 0 Na 1000 2 Patch A 0.073 0 0.030
T3 5 0 Na 1000 2 Patch A 0.542 5 0.225
T4 10 0 Na 1000 2 Patch A 0.867 5 0.048
T5 50 0 Na 1000 2 Patch A 0.986 5 0.003
T6 100 0 Na 1000 2 Patch A 0.991 5 0.001
17 250 0 Na 1000 2 Patch A 0.991 5 0.001
T8 500 0 Na 1000 2 Patch A 0.991 5 0.001
T9 1000 0 Na 1000 2 Patch A 0.992 5 0.002
M1 500 0 Na 1000 2 Patch A 0.991 5 0.001
M2 500 0.001 Na 1000 2 Patch A 0.912 5 0.167
M3 500 0.005 Na 1000 2 Patch A 0.990 5 0.002
M4 500 0.01 Na 1000 2 Patch A 0.976 5 0.002
M5 500 0.05 Na 1000 2 Patch A 0.949 5 0.014
Meé 500 0.1 Na 1000 2 Patch A 0.574 5 0.107
M7 500 0.2 Na 1000 2 Patch A 0.175 1 0.120
HM1 500 0.001 0.05 1000 10 PXD B 0.991 5 0.002
HM2 500 0.001 0.1 1000 10 PXD B 0.991 5 0.002
HM3 500 0.001 0.2 1000 10 Patch B 0.989 5 0.001
HM4 500 0.01 0.01 1000 10 Dist B 0.866 4 0.123
HM5 500 0.01 0.05 1000 10 PXD B 0.899 5 0.016
HM6 500 0.01 0.1 1000 10 PXD B 0.976 5 0.012
HM7 500 0.01 0.2 1000 10 Patch B 0.982 5 0.004
HM8 500 0.1 0.1 1000 10 Dist B 0.897 5 0.020

Step 3 — subsampling

To address how much data are needed to detect landscape
genetic structure, we varied sample size and number of loci
used by subsampling genotypes and loci of each simulated
dataset. Using R statistical package (R Development Core
Team 2006), we randomly sampled genotypes without
replacement (at 100, 20, 10, and 5%) across the entire
landscape to emulate different levels of field sampling
without knowledge of habitat patch or population bound-
aries. We then analyzed each subsample for four quantities
of loci: all (30), 20, 10 and 5 loci.

Step 4 — estimating proportion of ancestry values

We used the Bayesian clustering algorithm STRUCTURE
(Pritchard et al. 2000) to derive a continuous measure of
genetic variation based on unclassified ancestry values
(ranging from 0 to 1). STRUCTURE ancestry values are
a proportion of ancestry of each individual’s genotype to
each of K populations (“genetic clusters”). A gradient in

genetic structure is represented by expressing the degree of
ancestry in a given genetic cluster, maintaining the spatial
and statistical variability within cluster. This is akin to fuzzy
set theory as applied in remote sensing applications
(Bosserman and Ragade 1982, Metternicht 2003), where
the response variable may be proportion or probability of
membership in multple habitat classes. The number of
clusters identified by STRUCTURE was selected using AK
(Pritchard et al. 2000, Evanno et al. 2005), and appending
ancestry values to each genotype in R (Fig. 1).

Step 5 — interpolation of a genetic surface

We interpolated a genetic surface from the ancestry values
for each observed genotype using analyses that are compar-
able, repeatable, and automated across conditions and
replicates. In no cases did STRUCTURE identify more
than two clusters (Evanno et al. 2005); therefore, one
genetic surface could be generated from the ancestry values
for each individual for one of the two genetic clusters. In

Figure 1. Flow chart of simulation and genetic surfacing methodology. Step 1 — define landscapes. Both landscapes consist of suitable and
unsuitable habitat. Simulations in landscape A contain spatial dependency only, while simulations in landscape B contain autocorrelation
or an interaction between spatial dependency and autocorrelation. Step 2 — simulate genetic data. Circles represent “populations” in
EasyPop (labels correspond to habitat patches or subpatches on the corresponding landscape). Simulations in landscape B had two
migrations rates labeled as M1 (between habitat patches) and M2 (migration rate within habitat patches). Step 3 — subsample simulated
data prior to analysis by sample size (n) and number of loci (I). Step 4 — analysis in program STRUCTURE. Step 5 — interpolate genetic
surface. Patch and distance on interpolated surfaces indicate condition under which data were simulated and n is the sample sized used to
create that particular genetic surface. Step 6 — model selection. We correlated each genetic surface with each model of landscape genetic
structure (patch, distance, patch-distance interaction), tested significance, and selected model based on highest correlation coefficient. See
Methods for additional details for each step.
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addition, to quantify whether random effects can be
correctly identified with a genetic surface (i.e. no structure),
surfaces were interpolated from ancestry values for all data
sets (K=2). We created genetic surfaces with an inverse
distance weighted interpolation (IDW) (Cressie 1993) with
the following parameters: a power function of 2 to control
the tension of the surface, a variable search radius of 12
neighboring observations, and a resolution of 30 m?.

Step 6 — test landscape genetic models

Under our simulated conditions, genetic variation could be
due to spatial dependency (“habitat patch”), spatial auto-
correlation (“distance”), both (“patch distance interaction”)
(Legendre et al. 2002), or random effects. We calculated a
raster to represent each hypotheses of landscape genetic
structure in Arclnfo (ESRI 2002). The habitat patch
raster consisted of a unique value assigned to each habitat
patch (Fig. 1). The distance raster was mean distance (m)
for a subpatch from patch 1a as a reference point (Fig. 1).
The patch-distance interaction raster evaluated an interac-
tion between habitat and distance. We achieved this by
multiplying distance from the unsuitable habitat by patch
value (1 for patch 1 and —1 for patch 2, Fig. 1). Using a
modified version of program MODTTEST (Legendre
2000), we calculated a Pearson’s correlation coefficient
between the genetic surface and each of the three models of
landscape genetic structure under each simulation condition
(n=1000) (Dutilleul 1993, Fortin and Payette 2002,
Legendre et al. 2002). As implemented in MODTTEST,
in our case the Pearson’s correlation is insensitive to
violations of bivariate normal in the landscape patch
analysis (r =0.987 to Spearman-rank correlation).

Power, accuracy and process identification

We assessed model performance by power, accuracy, and
identification of the simulated process (distance, habitat
patch, patch-distance interaction). We assessed statistical
power (1-B) for both the complete simulated dataset and
subsampling levels from step 3. This addresses both the
power to detect landscape genetic structure for a given set of
conditions, as well as the amount of data (sample size and
number of loci) required to detect that landscape genetic
structure.

We evaluated accuracy by two methods: presence of type
I errors and correct identification of simulated landscape
genetic structure (distance, habitat patch, or patch-distance
interaction). Type I errors occur where significant genetic
structure is detected in the absence of simulated genetic
structure (Zar 1999, Legendre et al. 2002). We assessed
type 1 error under two conditions: 1) genotypes with
randomized xy coordinates and 2) simulation conditions
where no landscape genetic structure was present. To assess
the first, we randomized genotypes in step 2 and then
completed the analysis twenty times to evaluate a condition
known to have no significant landscape genetic structure
(Fig. 1). For the second assessment of type I error, we
identified simulations where the null hypothesis (no land-
scape genetic structure) was true (T'1; simulations where no
significant landscape genetic structure was detected using
the complete dataset, Table 1). If landscape genetic

structure is not detected with the complete dataset, any
subsample with a significant result is a type I error.

To evaluate the accuracy of variable selection, we
calculated the number of instances where the simulated
(“correct”) model of landscape genetic structure was
identified out of the total number of analyses. As a general
estimate of model choice, we calculated the number of
instances where the “correct” relationship had the highest
correlation coefficient out of the total number of significant
analyses. For simulations in landscape A, the “correct”
relationship was the habitat patch model (Table 1). For
simulations in landscape B, the “correct” relationship was
the distance model for HM4 and HM8 where migration
was equal across the landscape (Table 1).

For the remaining simulations, identifying the “correct”
relationship was more complex because we simulated
multiple relationships simultaneously. We identified the
“best” relationship based on the ability to detect landscape
genetic structure in simulations from landscape A (Supple-
mentary material, Appendix S1). For example, if the within
patch migration probability is 0.2 and between patch
migration 0.1, we would not expect to detect a distance
effect if 0.2 probability of migration was undetectable in
landscape A. Therefore, the “best” relationship in these
simulations would be the habitat patch model. In addition,
when the migration probability was disparate between
versus within habitat patches, genetic surfacing may only
detect the stronger restriction to migration probability. We
considered the strongest correlation non-spurious as long as
it identified either the “best” relationship or the landscape
genetic model corresponding to the lowest migration
probability. Then we evaluated the power to detect a
significant interaction between autocorrelation and spatial
dependency (i.e. patch-distance interaction) for different
levels of migration within and between patches.

Comparison to standard genetic statistics

To evaluate the comparability of the genetic surfacing
approach to standard genetic statistics, we calculated Fgr
(standard measure of genetic distance based on hetero-
zygosity) and allelic richness by patch for all simulations.
We then calculated the number of significant genetic
surfaces by level of genetic differentiation (Fst) across all
simulations.

Empirical illustration

We utilized a previously published empirical dataset of
black bear Ursus americanus genotypes from northern
Idaho, USA (Cushman et al. 2000) for a simple illustration
of the genetic surfacing approach. The dataset consists of
146 unique black bear genotypes generated using nine
microsatellite loci collected on a 2.6 km? grid (Cushman et
al. 2006). We applied the genetic surfacing framework, with
minor adjustments. So that results would be comparable
with out simulations, we identified relatively coarse-scale
habitat patches based on the major elevation break in a
digital elevation model (DEM) for the study area
(elevation =800 m) determined by presence of suitable
habitat and bear observations. This created four habitat
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patches (Fig. 2): suitable habitat (1, 2, 4) and unsuitable
habitat (3). Patch four (Fig. 2) was outside the study area;
therefore it was excluded from the analysis. We used the
resulting patch configuration to create the habitat patch,
distance and patch-distance interaction models as in the
simulation (Fig. 1, step 6). We executed STRUCTURE,
interpolated the genetic surface, and performed the spatially
adjusted Pearson’s correlation as in the analyses of the
simulated data (Fig. 1). We then compared the results to
those of Cushman et al. (2006).

Results

Using genetic surfacing, we were able to detect landscape
genetic structure generated by contemporary landscape
condition (>5 generations post vicariance, Table 1), with
low to moderately high levels of migration (migration
probability 0.0-0.1) and when population differentiation in
minimal (Fgr >0.00015). In addition, we demonstrate that
the correlation between genetic variation and distance can
be significant when the simulated process was habitat patch
only (i.e. spatial dependency). However, by comparing
multiple models (habitat patch, distance, patch-distance
interaction) we were able to correctly identify the simulated
relationship (e.g. habitat patch alone) 96% of the time
(Supplementary material, Appendix S2).

We found genetic surfacing to be insensitive to
misidentification of number of genetic clusters (K) identi-
fied in STRUCTURE. In all simulations, analyses in
STRUCTURE suggested that either one or two genetic
clusters (K) were most likely. However, in 9.37% (322/
3434) of analyses, K =2 was not a significant improvement
over K=1 (Table 1, Supplementary material, Appendix
S2). Even still, we found evidence of continuous genetic
structure. We identified significant landscape genetic
structure for 16.15% (52/322) of these analyses with
moderately high power (0.7453), and low type I error
(3.73%, 12/322). In addition, when ancestry values for K

Figure 2. Empirical landscape — north Idaho, USA. The landscape
was classified into habitat patches based on suitability as black bear
habitat. Patch boundaries are superimposed on a shaded relief.
Patches are labeled on the figure — 1, 3 are suitable habitat while 2
is unsuitable habitat. Patch 4 was outside the study area and
therefore excluded from the analysis. Points represent sample
locations overlaid on the genetic surface and shaded relief. Light
areas represent high ancestry values while dark areas represent low
ancestry values.
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greater than two were use for surface interpolation for a
cross section of simulations, Pearson’s correlations and
model choice did not significantly change (r =0.91).

Statistical power — time, migration, and effective
population size

Using genetic surfacing, we were able to detect the effect of
current landscape condition five generations post vicariance,
0-0.1 probability of migration, for the range of simulated
population sizes, and in the presence of internal patch
structure (Table 1, Supplementary material, Appendix S1).
The strength of the relationship between the landscape
model and the genetic surface increased as time since
vicariance increased from zero, significant for all simula-
tions 5-1000 generations post vicariance (Table 1, Fig. 3A,
B). Genetic surfaces appeared to be less distinct in the
presence of migration between habitat patches (Fig. 3C, D).
However, all analyses detected significant landscape genetic
structure for simulations with migration probabilities
between 0 (M1) and 0.1 (M6) (r=0.574; Table 1).
Variation in effective population size or unequal population
size had little effect on the power to detect the simulated
genetic structure, unless global effective population size was
small (50) compounded by the presence of migration
(Supplementary material, Appendix S1, S2). In the presence
of internal patch structure (Fig. 1B), we were able to detect
the simulated landscape genetic structure 97.5% of the time

(Table 1).

Statistical power — data requirements

We gained more power by increasing sample size as
opposed to increasing number of loci (Fig. 4a), with data
requirements dependent on the amount of genetic struc-
ture. As we increased time since vicariance, fewer samples
were necessary to have sufficient power to detect significant
landscape genetic structure (Fig. 4b). For example, with
20% sampling genetic surfacing had 0.90 power 50
generations post vicariance but only 0.20 power to detect
landscape genetic structure 10 generations post vicariance
(Fig. 4c). At the same sampling level, when migration
probability increased from 0.05 to 0.1, power decreased
from 0.92 to 0.10 (Supplementary material, Appendix S2).
However, power increased to 0.55 with complete sampling
of simulations with migration probability of 0.1 (Fig. 4d).
For more moderate levels of migration (<0.005), we were
able to detect landscape genetic structure regardless of
sample size or number of loci (Fig. 4d, Supplementary
material, Appendix S2). In general, population size and
unequal population size had litde effect on power (for
details, see Supplementary material, Appendix S1, S2).

Accuracy and process identification

We were able to identify the presence of landscape genetic
structure and the model used to simulate landscape genetic
structure accurately. In the randomization assessment of
accuracy, only 3.8% (468/12 300) of the correlations
between the genetic surface and model of landscape genetic



Figure 3. Example genetic surfaces interpolated from STRUCTURE ancestry values including all samples and loci (see methods for
details). Light areas represent high ancestry values while dark areas represent low ancestry values. (A) No landscape genetic structure (T1:
complete admixture); (B) strong differentiation in relation to habitat patch (spatial dependency; T8: 500 generations post vicariance); (C)
with migration, genetic surfaces become more variable but are still differentiated (M4; 0.01 between patch migration probability); (D)
internal patch structure results in a gradient of ancestry values across the landscape (HM4; 0.01 between patch and within patch migration

probability).

structure were significant, below the selected p-value (0.05).
The type I error rate was also below 5% for all samples sizes
and number of loci (0.11-0.48). In simulation conditions
without landscape genetic structure (T1, T2, M7), the type
I error was 5% (12/240). When evaluating the accuracy to
identify the simulated process (habitat patch, distance,
patch-distance interaction), all correlations between the
genetic surface and each model of landscape genetic
structure was often significant (Fig. 5 a, b, ¢). After model
comparison the “correct” model was selected for most
simulations without internal patch structure (>95%;
Supplementary material, Appendix S2, Fig. 5d, ). When
we simulated a distinct hierarchical effecc (HM5), genetic
surfacing selected the patch-distance interaction model
(“best” model; Fig. 5f; Supplementary material, Appendix
S2). When the hierarchical effect was less marked (HM1,
HMG6) or within patch migration was high (HM2, HM3,
HMG6, HM?7) the habitat patch model was selected (Fig. 5c,
f; Supplementary material, Appendix S2). When migration
probability was constant between subpatches across the
entire landscape (HM4, HMS), the distance model was
correctly chosen more frequently than the other two models
(Supplementary material, Appendix S2).

Comparison to standard genetic statistics

Across all simulated conditions and sample sizes, we were
able to detect landscape genetic structure even when Fgr
values were minimal (0.00015-0.05, r =0.113-0.934, p-
value <0.001; Fig. 6). This result was most striking when
we simulated internal patch structure, which produced
more continuous genetic structure (Supplementary mate-
rial, Appendix S2). Significant landscape genetic structure
when Fgr was minimal was not the result of type I errors,
which was <0.05 for these cases.

Empirical application

We identified weak genetic structure in the black bear from
N Idaho with two supported genetic clusters (K =2) and
Fs1 =0.061 (Pritchard et al. 2000). Raw ancestry values
formed a continuous distribution from 0.0806 to 0.909
(mean =0.482, SD =0.227), analogous to a transition
from one cover type to a second cover type (Fig. 2). We
had the power to detect a landscape genetic structure, with
significant correlations with all three models of landscape
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genetic structure and the genetic surface (p-values 0.01—
<0.0001). Out of the tested models, the patch-distance
interaction model (autocorrelation with spatial dependency)
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had the most support (r=0.645; p-value <0.0001). In
contrast, if we had applied STRUCTURE for discrete
classification of population membership with an assignment
threshold of 0.75 (ancestry value), 63.7% (93/146) of
individuals would be unclassified (“admixed”) indicating
lack of genetic structure.

Discussion

Our approach demonstrates that it is possible to achieve one
of the central goals of landscape genetics: detect the effects
of the current landscape on genetic variation of a focal
species, even with minimal genetic structure characteristic
of fine-scale studies (Coulon et al. 2004). In addition, a
genetic surfacing approach addresses some of the current
limitations in landscape genetics by providing a statistically
powerful, continuous representation of genetic variation.
When applied to an empirical dataset our approach
produced results consistent with published results. Finally,
although we used discrete landscape patches for the sake of
reproducibility and comparability among simulations,
genetic surfacing provides a framework for modeling the
effects of continuous landscape variables in empirical
application.

Statistical power — data requirements

Genetic surfacing had the power to detect landscape genetic
structure under conditions likely observed in extant land-
scapes: >5 generations post vicariance and zero to
moderately high migration rates (Scribner et al. 2001, Riley
et al. 2006). This is a substantial improvement over more
traditional methods where up to 60 generations have been
required to detect landscape effects (Keyghobadi et al. 2005,
Holzhauer et al. 2006). Genetic metrics based on hetero-
zygosity (such as Fgr) are less sensitive to changes in genetic
variation than metrics based on allele frequency distribu-
tions (e.g. ancestry values) and could represent the effects of
past process in the presence of more recent landscape
change (Keyghobadi et al. 2005, Holzhauer et al. 20006).
The data required for high statistical power of genetic
surfacing are practical for broad application to empirical
systems, given the following considerations. First, our
simulations likely underestimate microsatellite allelic diver-
sity relative to empirical application. We randomly sub-
sampled microsatellite loci for analysis, some of which were
invariant. However, researchers generally exclude mono-
morphic loci and may select highly polymorphic loci.

Figure 4. Power of genetic surfacing with no subsampling. (a)
Statistical power of the genetic surfacing approach to detect
landscape genetic structure by sample size and number of loci; (b)
for all time since vicariance simulations (T), statistical power of the
genetic surfacing technique to detect landscape genetic structure by
time since vicariance and sample size; (c) for 10 generations post
vicariance (simulation T4), statistical power of the genetic
surfacing technique to detect landscape genetic structure by
sample size and number of loci; (d) for all migration probability
simulations (M), statistical power of the genetic surfacing
technique to detect landscape genetic structure by probability of
migration (migration rate) and sample size.
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Second, adding samples to the analyses increases statistical — add power in conventional population genetic application.
power of genetic surfacing more quickly than adding loci ~ Because we randomly sampled genotypes across the land-
(Fig. 4a). In application, it is generally easier for researchers  scape, increasing sample size enhances the spatial distribu-
to increase sample size than develop additional loci, which  tion of observations improving the estimate (Legendre et al.
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Figure 6. Proportion of Pearson’s correlation coefficients between
the genetic surface and simulated landscape model significant (y)
by average Fsr value (x) across all analyses (simulation conditions,
number of samples, number of loci). We can detect significant
landscape process even when genetic structure is below the level
generally considered biologically significant (<0.05).

2002). Third, the absolute number of samples per popula-
tion does not notably increase (20-30 samples) as popula-
tion size decreases or populations become unequal in size
(Supplementary material, Appendix S2). Finally, more
complex spatial sampling designs than the random sample
employed in this study may reduce the number of samples
required for equivalent power (Rempel and Kushneriuk

2003).

Accuracy and process identification

Genetic surfacing as presented in this paper is accurate and
robust. The low type I error rates demonstrate that
significant relationships between the genetic surface and
the three landscape genetic models are not artifacts of the
simulation conditions, use of ancestry values, or how
landscape rasters were calculated. In addition, we show
that landscape genetic structure can be distinguished from
random effects and is robust to a misidentification of K.
However, genetic surfacing is not dependent on STRUC-
TURE ancestry values used in this demonstration. Any
genotypic point data calculated independently from space
could be used for a surface interpolation including other
clustering algorithms (Corander et al. 2003), proportion of
shared alleles, or other point estimates of genetic diversity.

Although the genetic surfacing approach is accurate,
misidentification of the process generating observed genetic
structure is possible when multiple models are not
considered. We demonstrate that distance can be significant
due to “false” autocorrelation (Legendre 1993). That is,
genetic surfacing detected a significant distance relationship
when observations were not spatially autocorrelated but
rather dependent on some other variable, which is itself
autocorrelated. For example, although genetic structure was
simulated solely as a product of habitat patch in landscape A
(Fig. 1A), significant correlation coefficients between the
genetic surface and the distance model are present due to
autocorrelation of habitat patches (I=0.98, p <0.001).
However, when we compared multiple models, habitat
patch explained more variation than distance or patch-
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distance interaction. This demonstrates that genetic surfa-
cing can differentiate between spatial autocorrelation (i.e.
isolation-by-distance) and spatial dependency (i.e. genetic
structure that is dependent on an autocorrelated variable
such as habitat patch) (Fortin and Dale 2005). This result
emphasizes the value of incorporating landscape variables in
broader population genetics research and the importance of
testing multiple hypotheses of genetic structure.

Genetic surfacing did not always detect patch-distance
interaction as the correct condition for data generated under
this model (Supplementary material, Appendix S2). Dis-
tance was only identified if within patch migration was
restricted (probability of migration =0.05) but not extre-
mely different from the migration probability between
habitat patches (Fig. 5¢). There are two principal reasons
for this limitation. First, genetic divergence with high levels
of migration within patches (especially with low levels of
migration between patches) is typically low. Second, in the
stepping-stone simulations with internal patch structure,
the Pearson’s correlation may have low power to distinguish
between the three landscape models (distance, habitat
patch, patch-distance interaction). Since genetic surfacing
identified hierarchical structure when the simulated hier-
archical genetic structure was most distinct (HM5), it is
likely genetic signal that limits model choice more than
more than spatial signal. Significance testing via a rando-
mization method (Gardner et al. 1987) may improve model
choice.

Comparison to standard genetic statistics

Recent work suggests low values of Fg1 may be statistically,
but not necessarily biologically, significant when using
highly polymorphic genetic markers such as microsatellites
(Hedrick 2005, Waples and Gaggiotti 2006). With high
power attained with highly polymorphic loci, it is possible
to detect significant subdivision (i.e. Fgr is significantly
>0) when the actual value of the statistic is quite low (e.g.
Fsr <0.05) and the implied level of gene flow is quite high.
However, our continuous genetic surfacing approach
suggests ecologically relevant landscape effects may be
present even when Fgr <0.05 (Fig. 6). Because the genetic
surface is a spatially continuous measure of genetic
structure, it reflects population structure not captured in a
global summary such as Fgt. Thus, analyzing the genotypic
data in a spadally informed manner and using spatial
analysis methods increases the power to explain how
landscape features influence population genetic structure
relative to standard methods.

Empirical application

In application to an empirical dataset, we demonstrate the
ability to detect landscape genetic structure with a realistic
amount of data (146 samples, 9 loci) and select an
ecologically reasonable model using a dataset with minimal
global genetic structure. In analysis of this dataset, Cushman
et al. (2006) tested multiple hypotheses of genetic differ-
entiation, including isolation-by-distance, barrier (valley),
and landscape resistance. They found the landscape resis-
tance model had the most statistical support of their tested



models. We tested three coarser-scale models of landscape
genetic structure consistent with our simulations: distance
(analogous to the isolation-by-distance model), habitat patch
(analogous to the barrier model), and patch-distance inter-
action. We found a habitat patch-distance interaction to
have the most support. Of our tested models, this is the only
model that incorporates distance and habitat influences,
both of which Cushman et al. (2006) incorporate in the
landscape resistance model. Low elevation, water, and non-
forest are present in the “unsuitable habitat” of our patch
model and have high associated resistance in the landscape
resistance model. In addition, the landscape resistance model
incorporates a measure of autocorrelation by calculating
cumulative costs between pairs of observations.

Our analysis of the black bear dataset was a substantial
improvement over a standard population classification
approach. If we used a conventional application of
STRUCTURE and classified individuals into discrete
“populations”, the number of unclassified individuals
(63.7%) would lead to the conclusion of little structure in
these data. By treating genetic structure as a continuous
surface, and thus the ability to represent gradients of genetic
structure, we found an increased sensitivity to spatially
dependent relationships compared to a discrete classifica-
tion of black bears. Finally, although we used a continuous
representation of genetic variation, we classified landscape
variation into discrete patches to be consistent with the
simulated conditions. In future genetic surfacing applica-
tions, continuous representation of both landscape and
genetic variation would be more powerful allowing for both
genetic and environmental gradients (Shimatani and Ku-
bota 2004, McGarigal and Cushman 2005).

Future directions and conclusions

Genetic surfacing provides a common statistical framework
for population genetics, spatial ecology, and spatial statistics
for data analysis. In future applications, the wide range of
available multivariate spatial statistical techniques can be
applied with genetic surfacing (Haining 2003). These
multivariate models will allow researchers to quantify the
effect of multiple landscape variables simultaneously for a
more complete understanding of how ecological variables
affect species’ distributions. In addition, the topology of the
genetic surface itself may provide meaningful information.
For example, genetic surfaces can be analyzed in a similar
manner to other surfaces to quantify topographic complex-
ity (Mucina et al. 1991), spatial trend (Lichstein et al.
2002), or identify areas of discontinuity and their associated
landscape variables.

Application of more sophisticated surfacing methods
than IDW, implemented for reproducibility and compar-
ability amount simulations, may increase the power of
genetic surfacing. This is especially true in the presence of
complex genetic structure resulting from multiple interact-
ing landscape processes. Alternative methods that can
produce a surface incorporate localized variation in the
data such as empirical semivariogram/kriging models (Cres-
sie 1986, Yfantis et al. 1987) or can apply more complex
tension and smoothing parameters in spline models (Mita-
sova and Jaroslav 1993). In addition, alternative methods

allow for the inclusion of an estimate of uncertainty in the
original point locations. Given multiple locations or error in
geographic positioning system (GPS) locations, kernel
density estimates can give a probability density function of
location over a range (Wand and Jones 1995). However, it is
important to understand that surfacing methods estimate a
response variable across the extent and assume a well-
distributed spatial sample (Tobler 1979, Lam 1983) and
point data could be used directly without surface interpola-
tion (Boots and Getis 1988, Diggle 2003). In addition, due
to the complexity of data collected in natural systems, low to
moderate correlations between genetic structure and spatial
variables are possible by chance alone. Simulation or neutral
landscape tests may be necessary to establish the significance
of results (Isaaks and Srivastava 1989, Lancaster 2006).

In all of our analyses, we were able to use K=2 and
therefore construct a single genetic surface representing
membership in both genetic clusters. Although STRUC-
TURE is not the only potential implementation of genetic
surfacing, in future application based on STRUCTURE
there will be cases where more than two genetic clusters are
supported. Several approaches may be employed in cases
where K>2. A genetic surface, and model of landscape
genetic structure, could be constructed for each of K-1
clusters. This may be extremely useful in cases where
researchers suspect different processes explain genetic varia-
tion for different genetic clusters across the landscape.
Alternatively, genetic surfacing could be applied with
methods that allow for multiple response variables. Fuzzy
set theory allows for the response variable to have propor-
tional membership in multiple classes, which could be
modeled as a single response variable (Bosserman and
Ragade 1982, Metternicht 2003).

Genetic surfacing will help fill a gap between population
genetics and spatial ecology. The approach integrates
landscape and genetic analyses to allow testing of multiple
ecologically relevant hypotheses (autocorrelation, spatial
dependency, or an interaction) without the necessity of
analyzing pairwise distance data. In addition, this study
demonstrates that significant distance relationships may be
the result of spatial dependency or “false” autocorrelation
(Legendre et al. 2002), emphasizing the importance of
considering landscape measures in gene flow studies.
Analysis of genetic surfaces could be readily applied to
quantify the impact of ecological (e.g. temperature, moist-
ure, natural barriers, elevation) and/ or anthropogenic (e.g.
roads, development, farming, forest management) variables
on genetic structure. Understanding of the ecological and
spatial behavior of a population is necessary for designing
recovery plans, conserving corridors and understanding
potential new population threats.
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