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1 | INTRODUCTION

| Erin L. Landguth? | Samuel A. Cushman?®

Abstract

An assumption of correlative landscape genetic methods is that genetic differen-
tiation at neutral markers arises solely from the degree to which the intervening
landscape between individuals or populations resists gene flow. However, this as-
sumption is violated when gene flow occurs into the sampled population from an un-
sampled, differentiated deme. This may happen when sampling within only a portion
of a population's extent or when closely related species hybridize with the sampled
population. In both cases, violation of the modelling assumptions has the potential to
reduce landscape genetic model selection accuracy and result in poor inferences. We
used individual-based population genetic simulations in complex landscapes within
a model selection framework to explore the potential confounding effect of gene
flow from unsampled demes. We hypothesized that as gene flow from outside the
sampling extent increased, model selection accuracy would decrease due to the for-
mation of a hybrid zone where allele frequencies were perturbed in a way that was
not correlated with effective distances between sampled individuals. Surprisingly,
we found this expectation was unfounded, because the reduced accuracy due to
admixture was counteracted by an increase in allelic diversity as alleles spread from
the unsampled deme into the sampled population. These new alleles increased the
power to detect landscape genetic relationships and even slightly improving model
selection accuracy overall. This is a reassuring result, suggesting that sampling the
full extent of a population or related species that may hybridize may be unnecessary,

as long as other well-established sampling requirements are met.
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et al,, 2018), quantifying environmental distances and landscape
heterogeneity (McRae, 2006; Wang & Bradburd, 2014), selecting ap-

A primary motivation for the field of landscape genetics has been
to understand how complex landscapes influence gene flow among
individuals and populations (Balkenhol et al., 2015). As the field ma-
tures, our knowledge of how landscape genetic approaches perform
under varying evolutionary dynamics is improving (Shirk et al., 2018).
Progress has been made in understanding sources of error in model
selection (Dudaniec et al., 2016; Zeller et al., 2016), comparing dif-

ferent model selection approaches (Cushman et al., 2013; Shirk

propriate genetic distance metrics (Shirk et al., 2017), scales of selec-
tion (Zeller et al., 2017) and appropriate sampling designs (Landguth
et al., 2012; Oyler-McCance et al., 2013). Despite this progress, a
number of key challenges remain in landscape genetics, including is-
sues of scale, sampling, statistical methods, theoretical frameworks
and hypothesis testing (Balkenhol et al., 2015).

Among these remaining challenges, an issue that has garnered

relatively little consideration to date is the potential source of model
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selection error that may arise when gene flow occurs from outside
the sampling extent into the sampled population. Many populations
are more or less continuously distributed across heterogeneous
landscapes that influence the degree to which individuals in one area
are functionally connected to the rest of the population. The result
is a population occurring at varying densities, with complex spatial
patterns of genetic differentiation and local effective population size
(Shirk & Cushman, 2014). Sampling neutral genetic markers in these
populations is the empirical basis for understanding how landscapes
influence gene flow. Most individual-based landscape genetic meth-
ods depend upon observing a correlation between genetic distances
(based on neutral markers) that quantify genetic differentiation
among sampled individuals, and landscape distances that measure
the effective (e.g., cost-distances or resistance-distances) between
sampled individuals given the resistance of the intervening land-
scape to gene flow. Typically, a researcher hypothesizes that one or
more environmental variables are related to landscape resistance
to gene flow for the sampled population. Next, a range of alter-
native parameterizations relating those variables to resistance are
either proposed or a hypothesis space is searched by an algorithm
(Peterman, 2018; Shirk et al., 2010). The best model among compet-
ing alternatives is then selected based on the strength of the correla-
tion between genetic and landscape distances.

An underlying assumption of these correlative landscape genetic
methods is that genetic differentiation at neutral markers arises
solely from the degree to which the intervening landscape between
individuals or populations resists gene flow. However, this assump-
tion is violated when gene flow occurs into the sampled population
from an unsampled, genetically differentiated deme. This results in
admixture penetrating from the sampling extent boundary, resulting
in altered allele frequencies and larger genetic distances between
samples collected from the admixture zone compared to the rest of
the sampled population. This means researchers are sampling ad-
mixed individuals near the periphery of the sampling boundary that
contain alleles from both within and outside of the study's sampling
extent. The result is that individuals near the population interface
are more genetically divergent than less admixed individuals near
the core of the sampling extent. Importantly, this increase in genetic
distance is not related to landscape distances, but rather, the prox-
imity of a differentiated and unsampled deme nearby and the magni-
tude of gene flow from it into the sampled population.

Unsampled demes are likely to be common in landscape genetic
studies for several reasons. First, a priori, the pattern of genetic dif-
ferentiation within a population is unknown before genetic sampling
occurs, raising the possibility of unsampled demes within the study
area extent in areas where sampling is sparse. Second, the full ex-
tent of a population may be unknown or impractical to sample due
to the expense, logistical challenges, seasonal migrations and other
constraints, leaving unsampled demes beyond the study area extent.
Third, if the sampled population hybridizes with a closely related but
unsampled species beyond the sampling extent, the resulting inter-
species gene flow can influence genetic distances among sampled

individuals in a way that is unrelated to the intervening landscape.
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The first scenario above (lack of knowledge about population
genetic structure prior to sampling) is an issue of within-popula-
tion sampling that has been explored previously (Oyler-McCance
et al., 2013; Schwartz & McKelvey, 2009). However, no study has
yet addressed the potential confounding influence of the second and
third scenarios above (inability to sample the full population extent
or the presence of a related species that hybridizes with the sam-
pled population), which have in common that gene flow occurs from
unsampled demes beyond the study's sampling extent into the sam-
pled population. Here, we used individual-based population genetic
simulations to examine the effect of gene flow from outside the
sampling extent on the accuracy of landscape genetic model selec-
tion. These simulations included a variety of environmental variables
influencing gene flow (continuous, categorial and linear features) as
well as a variety of patterns and magnitudes of resistance in the land-
scape. The 300 generations of the simulation also produced varying
states of equilibria with the unsampled deme in which to explore the
temporal dimension of this issue. We hypothesized that as gene flow
from outside the sampling extent increased, model selection accu-
racy would decrease due to the formation of a hybrid zone where
allele frequencies were altered in a way that was not correlated with

effective distances between sampled individuals.

2 | MATERIALS AND METHODS
2.1 | Simulation and analysis overview

Our simulations occurred within rectangular 1,024 x 2,048 cell
raster landscapes oriented on a north-south axis (Figure 1). The
pattern and magnitude of resistance to gene flow within these
landscapes varied depending on which environmental variables
affected gene flow in the simulation (described below under
“Environmental variables influencing gene flow”) and a resist-
ance parameter R, that related rates of gene flow to the envi-
ronmental variables (described below under “Resistance models”).
We divided the landscape into northern and southern halves and
placed a population of individuals in each half initially separated by
a movement barrier that prevented mating and dispersal between
populations. Later, we removed the barrier in some simulations
(see “Population genetic simulations” below), allowing gene flow
between populations. In other simulations, we kept the barrier in
place to serve as a control for later comparison. We considered the
northern population to be the unsampled deme in our simulations
(hereafter the “unsampled population”). The southern population
was sampled for landscape genetic analysis (hereafter the “sam-
pled population”) to determine if model selection accuracy was
impacted by gene flow from the unsampled population. The varia-
bility in the pattern and magnitude of resistance in the total of 810
simulations we ran was designed to produce variability in rates of
gene flow entering the sampled population, making it possible to
robustly assess the impact of an unsampled deme on model selec-

tion accuracy (described below under “Calculating model selection
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FIGURE 1 Simulated landscapes and populations. We created
30 “sets” of three environmental variables (continuous, categorical,
and liner) potentially influencing gene flow in our simulations.

Each variable was created within a 1,024 x 1,024 square grid and
then mirror imaged to create a 1,024 x 2,048 rectangular grid.
Within each set of three environmental variables, we produced

27 unique resistance models that varied according to two
parameters: the number of environmental variables to include
(1-3) and the maximum resistance value (R, . ) for each variable.
We created a population of 1,000 individuals in each half of the
landscape (red dots) with a spatial distribution that was determined
probabilistically as a function of the model in each set with the
highest mean resistance. A movement barrier (white gap) separated
the two populations at the beginning of the simulations [Colour
figure can be viewed at wileyonlinelibrary.com]

accuracy”) as well as to explore how various aspects of gene flow
from an unsampled deme might influence model selection (see
“Factors influencing model selection accuracy” below).

2.2 | Environmental variables influencing gene flow

We produced 30 “sets” of three environmental variables (continu-
ous, categorical and linear) to serve as potential sources of land-
scape resistance to gene flow in our simulations. We produced each
variable in a 1,024 x 1,024 grid placed in the northern half of our

simulated landscape. We then extended a mirror image copy of each

variable into the southern half of the landscape (Figure 1). The mir-
ror image configuration created continuity at the boundary between
the northern and southern halves, resulting in a seamless landscape
pattern in the border region. This also removed differences in the
pattern of resistance within the northern and southern populations
as a confounding factor in our analysis.

We used the program qrutLe version 4 (Gardner, 1999) to pro-
duce a continuous environmental variable for each of the 30 sets.
This variable was intended to reflect gradients such as population
density or slope. Approximately 30% of the landscape had a value
of zero and the remaining cells were assigned values ranging from
1 to 128 in approximately equal proportions (i.e., a continuous
variable ranging from O to 128). To produce a variety of patterns
in the continuous variables, we varied the QruLE H parameter (the
continuous variable for each set was produced with H set to 0.1,
0.5 or 0.9, with 10 sets at each level). Larger H values resulted in a
greater aggregation of grid cells with similar values (see Figure S1
for an example).

We used the randomClusterNN function of the nLmpy version
0.1.5 python package (Etherington et al., 2015) to produce a cate-
gorical variable for each of the 30 sets. This variable was intended to
reflect discrete landscape characteristics such as landcover classes
or habitat patches. This function produces discrete patches of grid
cells with identical values, which we reclassified such that 30% of
the landscape had a value of zero and the remainder of the landscape
was approximately equally apportioned into patches with values
ranging from 1 to 8, representing levels of the categorical variable
(e.g., landcover classes). Like the continuous variables, we created a
variety of categorical variable patterns by varying the aggregation of
these patches according to three levels of H (the categorical variable
for each set was produced with H set to 0.1, 0.5 or 0.9, with 10 sets
at each level).

We produced a linear variable (e.g., roads) for each of the 30
sets by first generating continuous qruLE landscapes as described
above for continuous variables. Like the other variables, we cre-
ated a variety of linear variable patterns by varying the aggrega-
tion of grid cell values according to three levels of H (the linear
variable for each set was produced with H set to 0.1, 0.5 or 0.9,
with 10 sets at each level). We then randomly selected a y coordi-
nate ranging from 1 to 1,024 and connected the left edge grid cell
at (0, y) to the right edge grid cell at (1,024, 1,024 - y) via the least-
cost path given the qruLe landscape as a resistance model. With
the same approach, we created a second least-cost path from the
top edge to the bottom edge. This produced two irregular diagonal
linear features bisecting the landscape horizontally and vertically
and intersecting to form an X shape (see Figure 1 for an exam-
ple). In general, high cohesion of the resistance model produced
linear features that curved broadly around large patches of high
resistance. Conversely, low cohesion produced linear features that
were more direct, but locally circuitous as they weaved around
smaller more fragmented patches of high resistance. Both paths
were assigned a value of 1 and all other grid cells were set equal

to zero.
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2.3 | Resistance models

We created 30 “sets” of resistance models to use in our simulations
described below. Each set was based on 27 unique parameteriza-
tions that we used to transform the environmental variables de-
scribed above into resistance and then combine them together into
a single surface. Each set contained one each of the continuous,
categorical and linear landscape variables described above. Thus,
the 27 models in each set represented alternative parameterizations
of the same variables. The resistance parameters defined which of
the three variables were included in the resistance model (varied

from one to three) and the maximum resistance (R for each vari-

)
max
able (Supporting Information). With these parameters, we linearly

rescaled each landscape variable to range from zero to R summed

max’
the rescaled variables and then added 1 to produce the final resist-
ance model. In this way, resistance models always had a minimum
value of 1 regardless of how many variables the model contained.
Producing 27 alternative parameterizations for each of 30 sets of en-
vironmental variables yielded a total of 810 unique resistance mod-
els. Each of these resistance models was used to determine dispersal
and mating probabilities in a population genetic simulation described

below.

2.4 | Population genetic simulations

We used copop version 1.2.35 (Landguth & Cushman, 2010) to sim-
ulate the population genetic dynamics of gene flow between two
populations (the northern unsampled and the southern sampled
population) given a resistance model quantifying rates of gene flow.
We ran one simulation for each of the 810 resistance models de-
scribed above. The hierarchy of these simulations thus followed the
hierarchy of the resistance models (i.e., 30 sets each containing 27
alternative resistance parameters that relate up to three environ-
mental variables to rates of gene flow). copor is an individual-based
simulator of population genetic processes. It simulates mating and
dispersal in a finite population of individuals assigned to fixed loca-
tions, recording allele usage by all individuals per generation. In each
generation, adult individuals mate according to a user-specified mat-
ing system and probability function based on proximity in Euclidean
or effective distance. Once mated, females give birth to a number
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 cost-distances to the vacant loca-
tions. If all locations are occupied, any remaining offspring not yet
assigned to a location are eliminated.

The distribution of individuals within a population inhabiting
the northern and southern halves of the simulated landscape varied
across the 30 sets but was constant within each set. Because our

analysis was based on a model selection exercise within each set, this

MOLECULAR ECOLOGY 397
WILEY

removed spatial variability in population distribution as a confound-
ing factor in our analysis. For each set, we created two populations
of 1,000 diploid individuals each, initially separated by a movement
barrier (Figure 1). The location of the individuals in the southern
sampled population was a mirror image of the northern unsampled
population, just as the landscapes they inhabited were created by
joining mirror images of the environmental variables. Individuals
were placed probabilistically as a function of the inverse square of
resistance (i.e., individuals only occurred in low-resistance cells) ac-
cording to the resistance model with the highest resistance in each
set (this model always included all three environmental variables).

Each simulation began with 100 nonoverlapping generations of
mating and dispersal with a complete mating and dispersal barrier
separating the two populations. Within each population, dispersal
and mating probabilities were a function of the inverse square of
the pairwise landscape distances between individual locations (cal-
culated from the resistance model used in the simulation), with a
maximum distance set to the average maximum possible pairwise
Euclidean distance between individuals in the landscape (1,309
units). If our simulations occurred under the assumptions of isolation
by distance (Wright, 1943), the population would be panmictic with
this setting. However, the resistance in the simulated landscapes re-
duced the distances over which mating and dispersal occur, resulting
in spatial genetic structure and the populations followed the model
of isolation by resistance (McRae, 2006). The copop parameters were
the same in all simulations and generally matched Wright-Fisher ex-
pectations. 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 population.
Individuals were diploid. Mating was sexual and with replacement
for either sex. The number of offspring was based on a Poisson dis-
tribution with a mean of 4, providing 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 gen-
eration. The alleles initially assigned to each population were com-
pletely different, creating two fully differentiated populations to
begin the simulation. Links to the Mendeley repository containing all
cppop inputs, outputs and parameters are provided in the Supporting
Information and in the Data Accessibility section.

During the first 100 generations, population genetic structure
was expected to form within each population as a function of the
resistance model used to determine the probabilities of mating and
dispersal. After the 100-generation “burn-in” period, we ran the sim-
ulations for an additional 200 generations in two alternate ways. In
the “no barrier” simulations, we allowed mating to occur between
the two populations (but not dispersal) only in one direction, from
the unsampled northern deme into the sampled southern popula-
tion. The simulation dispersal parameters and landscapes were de-
signed such that removal of the mating barrier would initially create
an admixture zone in the sampled southern population near the
boundary with the unsampled population. After an initial formation
of admixed offspring in this region, subsequent generations of mat-

ing and dispersal were expected to allow alleles to spread further
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into the sampled population at a rate and pattern dictated by the
simulation's resistance model. In parallel (i.e., starting with the same
simulations from the initial 100-generation burn-in period), we also
ran “control” simulations where the barrier remained in place for 200

generations.

2.5 | Calculating model selection accuracy

For each of the 810 simulations (representing 30 sets of environ-
mental variables transformed into resistance models according to
the 27 unique resistance parameterizations) at each of 21 selected
generations during the simulations (generations 0, 5, 10, 15, 20, 25,
50, 75, 100, 105, 110, 115, 120, 125, 150, 175, 200, 225, 250, 275
and 300) we performed a model selection exercise where the re-
sistance model used to determine mating and dispersal probabilities
in the simulation was the “true” model and the other 26 resistance
model parameterizations in the same set were considered alterna-
tive models. Previous studies (Shirk et al., 2018; Zeller et al., 2016)
have shown that competing models with > 90% correlation to the
true model greatly decreases model selection accuracy in landscape
genetic analyses, so we removed alternative models that exceeded
this threshold, based on the Pearson correlation between pairwise
effective distances among sampled individuals given the competing
resistance models.

Ratherthan base our evaluation on allindividualsin the sampled
southern population extent, we used a stratified random sampling
approach that is commonly used in field sampling for population
genetic analyses. We divided the square southern landscape into
a large 4 x 4 grid and randomly subsampled 16 individuals from
each grid cell for a total of 256 samples. If there were fewer than
16 individuals in a grid cell, we increased the number of individuals
sampled in other grid cells until the total of 256 was met. For each
candidate resistance model, we calculated effective distances (i.e.,
the accumulated cost of the least-cost path between all pairs of
sampled individuals, given the resistance model) among all 256
sampled individuals with the “gdistance” package version 1.3-6
(Van Etten, 2017) in the R statistical computing environment (R
Core team., 2019). We used the program spacepi version 1.5 (Hardy
& Vekemans, 2002) to calculate genetic distances between all
sampled individuals based on Rousset's a (an individual-based ge-
netic distance metric that was designed to reflect the population
structure of continuous populations; Rousset, 2000) from the mul-
tilocus genotypes corresponding to the copop simulation based on
the “true” resistance model.

To determine if the true model could be identified among
the competing alternative models in each set, we used an Akaike
Information Criterion score (AIC; Akaike, 1998) model selection ap-
proach. For each of the 27 candidate models in the set, we used the
MLPE.Imm() function from the resisTaNceGa package version 3.1-1
(Peterman, 2018) in R to fit a linear mixed effects model relating the
response (pairwise genetic distances among sampled individuals)

to pairwise effective distances between sampled individuals given

the candidate resistance model, while accounting for the nonin-
dependence of the pairwise observations with random effects.
The top model was selected based on the lowest AIC score. This
method of model selection has recently been shown to outperform
other correlative landscape genetic model selection methods (Shirk
et al., 2018). From these results, we created a binary variable reflect-
ing the true/false outcome of the ability of the model selection to
identify the true model among the competing alternatives. The code
used to assess model selection accuracy and the results are provided

in the Supporting Information.

2.6 | Factors influencing model selection accuracy

Once the simulations were complete, we analysed the model se-
lection results and the copop outputs over the 300 simulated
generations in several ways, in both the “no barrier” and control
simulations. Our primary objective was to assess model selection
accuracy as a function of several factors we considered to be po-
tentially influential in the context of gene flow from an unsampled
deme. The response variable reflected the binary observation of
whether the model selection process described above identified the
true model among competing alternatives in the “no barrier” simula-
tions where gene flow from the unsampled population was allowed
to flow into the sampled population. The predictors (fixed effects)
included several variables we hypothesized influenced model selec-
tion accuracy, scaled and centred to avoid convergence problems
in the model fitting. These included prevalence (the proportion of
the sampled population's alleles originating from the unsampled
northern deme), the degree to which the unsampled deme's alleles
spread into the sampled population (alleleDist), allelic richness (A) in
the sampled population (we expected higher allelic diversity would
provide higher power), the number of candidate models (nhyp) evalu-
ated in the model selection process (we expected fewer models in
the candidate set would increase the likelihood of selecting the true
model by chance), the number of variables (nvar) present in the “true”
resistance model (we expected more complex models may be more
difficult to identify), and the mean cost-distance (meanCD) among
sampled individuals given the true resistance model (we expected
higher resistance models result in greater genetic structure and are
easier to identify).

We used the LMe4 package version 1.1-23 (Bates et al., 2015) in
R to fit a mixed effects logistic regression model using the above
response and predictor variables. We included a random intercept
for the candidate model identity crossed with the “set” (every set
contained each of the 27 resistance parameterizations used to
produce the candidate models within the set) to account for the
covariance structure of the hierarchical study design. We used the
PRESENCEABSENCE package version 1.1.9 (Moisen & Freeman, 2008) in
R to assess the performance of this model using a variety of met-
rics, including AUC (area under the receiver operator curve), per
cent correctly classified (PCC), sensitivity, specificity, true skill sta-

tistic (TSS) and kappa. For metrics requiring binary classification of



SHIRK ET AL.

FIGURE 2 Population genetic dynamics of the sampled
population over time. At the start of the simulation, the two
populations (sampled and unsampled) were separated by a
complete barrier to mating and dispersal movements, completely
differentiated (i.e., shared no common alleles), and internally
panmictic (i.e., random distribution of alleles within each
population). During the first 100 generations (the “burn-in" period),
mating and dispersal probabilities within each population were
controlled by the resistance model specified in the simulation.
During the burn-in period, the two populations each approached
an equilibrium where the pattern of resistance was reflected in
the population genetic structure, as indicated by the inbreeding
coefficient (Fc) plateauing over the first 100 generations (a; F,g
averaged across all simulations; n = 810). After the burn-in period,
the mating barrier was removed in the “no barrier” simulations
(black lines and circles) but not in the “control” simulations (dark
grey lines and circles), and the simulation continued for another
200 generations. During this time, the prevalence of alleles

from the unsampled population observed within the sampled
population increased rapidly (b; % of total alleles averaged across all
simulations, n = 810) and they increasingly spread from the border
between the two populations (where the barrier was located) into
the sampled population over time (c; distance [m] from barrier
averaged across all simulations, n = 810). The influx of unique
alleles from the unsampled population immediately increased allelic
diversity in the sampled population relative to the burn-in period
prior to admixture between the two populations (d; average alleles
per locus, averaged across all simulations, n = 810). Over time,
however, genetic drift resulted in loss of allelic diversity, but the
“no barrier” simulations always maintained a higher level of allelic
diversity compared to the control simulations. Error bars represent
95% confidence intervals

the model prediction, we used a threshold value where sensitivity
equalled specificity, as we considered Type | and Type Il errors
equally important.

3 | RESULTS

The proportion of alleles from the unsampled population observed
in the sampled population increased continuously from zero over
time after the burn-in period, but only in the “no barrier” simulations
(Figure 2). The novel alleles introduced from the unsampled popula-
tion spread rapidly into the sampled population, reaching an average
distance that approached the centre of the population (512 m from
the barrier) within 150 generations before plateauing (Figure 2).
This had the effect of rapidly increasing the allelic diversity of the
sampled population within the first 10 generations after the barrier
was removed, compared to the control simulations where the bar-
rier remained in place (Figure 2). Because of the Wright-Fisher as-
sumptions of no mutation or immigration in the simulations, genetic
drift reduced allelic diversity thereafter, but it remained consistently
higher in the “no barrier” simulations relative to the control simu-
lations with the barrier present (Figure 2). In simulations based on
landscapes with lower resistance, the distance alleles from the un-
sampled population spread into the sampled population was greater

compared to landscapes with higher resistance (Figure S2).
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During the 100-generation burn-in period, population genetic
structure, as measured by the inbreeding coefficient (F ), increased
rapidly and began to plateau as local mating within the sampled
population created spatial heterogeneity in allele frequencies and
reduced homozygosity relative to Hardy-Weinberg expectations
(Figure 2). In the control simulations where the barrier remained in

place, the increase in population structure continued to level off.
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FIGURE 3 Model selection accuracy as a function of simulation
time (averaged across all simulations, n = 810). Accuracy represents
the proportion of simulations where the true (causal) resistance
model governing mating and dispersal in the simulation was
selected among a pool of 27 alternative models. During the “burn-
in” period of the first 100 generations, model selection accuracy
increased as the population transitioned from panmictic (i.e., a
random starting allele distribution) to structured according to the
pattern of resistance in the model used to govern rates of mating
and dispersal in the simulation. At generation 100, the mating
barrier was removed in the “no barrier” simulations (black line),
allowing novel alleles from the unsampled population to spread
into the sampled population, increasing the power to detect
landscape genetic relationships, and therefore slightly improving
model selection accuracy relative to the control simulations (dark
grey line) where the barrier remained. Error bars reflect the 95%
confidence intervals

In the “no barrier” simulations where gene flow was allowed from
the unsampled population, mating became more random in the ad-
mixture zone, reducing inbreeding and increasing disequilibrium
(Figure 2). Within 100 generations after the mating barrier was re-
moved, as alleles from the unsampled population spread through-
out the sampled population, a new state of pseudo-equilibrium was
reached, resulting in stabilizing F ¢ values (Figure 2).

Model selection accuracy over the same time series increased
rapidly during the burn-in period (Figure 3) as population genetic
structure in the sampled population went from completely undif-
ferentiated to approaching a state of pseudo-equilibrium. In the “no
barrier” simulations where the barrier was removed after the burn-in
period, model selection accuracy increased slightly during the first
25 generations of gene flow from the unsampled population, then
decreased slightly between generations 200 and 300 (Figure 3). In
the control simulations, model selection accuracy declined slightly
after the burn-in period. Model selection accuracy was highest at
intermediate levels of cost-distance among individuals given the true
resistance model (Figure S3) and at intermediate levels of allelic di-
versity in the sampled population (Figure S4).

Mixed effects logistic regression modelling identified several
variables significantly related to model selection accuracy in the
simulations (Table 1), including alleleDist (the average distance from
the barrier that alleles from the unsampled deme occurred in the

sampled population), nhyp (the number of hypotheses in the model

TABLE 1 Effect of simulation features on landscape genetic
model selection accuracy

Coefficient z-

Covariate Coefficient SE score p-value
alleleDist 0.2466 0.0401 615  <.00000""
nhyp -0.2391 0.0628 -3.81 00014
meanCD 0.3501 0.1097 3.19 .00142”
A 0.1217 0.0567 215 038177
nvar -0.3499 0.2328 -1.50 113282
prevalence -0.0333 0.0552 -0.60 .54670

Note: We fitted a mixed effects logistic regression model to explore
the potential impact of several covariates potentially related to model
selection accuracy in our simulations (the response variable), including
alleleDist (mean Euclidean distance from the barrier at which alleles
originating in the unsampled deme were observed in the sampled
population), A (alleles per locus from both the sampled population

and unsampled deme observed in the sampled population), meanCD
(mean cost-weighted distance between sampled individuals given the
true resistance model), nhyp (number of hypotheses in the candidate
model set), nvar (number of variables in the true resistance model) and
prevalence (proportion of the sampled population's alleles originating
from the unsampled deme). The coefficients, standard error, z-score,
and p-value are shown.

Asterisks indicate significant at

***oa =0.001,
**a=0.01 and
*a = 0.05.

set), meanCD (the average cost-distance among sampled individuals
given the true resistance model) and A (the number of alleles per
locus in the sampled population, including alleles from the unsam-
pled deme). The relationship to model selection accuracy was
positive for alleleDist, meanCD and A but negative for nhyp. The
variables nvar and prevalence were not significantly related to model
selection accuracy. Model fit metrics showed a strong fit to the
data, with AUC = 0.83, PCC = 0.74, TSS = 0.48, kappa = 0.41 and
sensitivity = specificity = 0.74.

4 | DISCUSSION

Our a priori expectation of reduced model selection accuracy due
to gene flow from an unsampled deme was based on the idea that
a zone of admixture would form in the sampled population near the
boundary with the unsampled population after the simulated mating
barrier was removed. These admixed offspring would exhibit larger
genetic distances with other sampled individuals due to admixture,
not the resistance of the sampled population's landscape, as is as-
sumed in correlative landscape genetic analysis. We expected that
violation of this assumption would uncouple the relationship be-
tween effective and genetic distances, adding noise to the analysis,
and reduce model selection accuracy. Contrary to our expectations,
however, we found that model selection accuracy was largely unaf-

fected, or even slightly improved, by gene flow from the unsampled



SHIRK ET AL.

deme, depending on several factors we explored. This result was
observed across a wide range of landscapes containing different en-
vironmental variables influencing gene flow (continuous, categorical
or linear) at varying magnitudes of resistance and varying levels of
genetic disequilibrium. This finding suggests other factors (sample
size, number of loci, sampling locations, etc.) may be more impor-
tant to consider when designing sampling schemes and conducting
landscape genetic analyses than gene flow from unsampled demes.

Previous studies of sampling strategies and their impact on land-
scape genetic analysis have focused on within-population sampling
issues and were based on simulations of a single continuously dis-
tributed population inhabiting a complex (Landguth et al., 2012;
QOyler-McCance et al., 2013) or simple landscape (Schwartz &
McKelvey, 2009) reflecting isolation by resistance (McRae, 2006) or
isolation by distance (Wright, 1943), respectively. They addressed
the relative performance of sample schemes (e.g., random, uniform,
clustered), sampling density, numbers of sampled individuals, num-
ber of sampled loci and allelic richness. We are aware of no study
that has addressed between-population dynamics that arise when
gene flow occurs from an unsampled deme (either of the same spe-
cies or of a similar species that hybridizes with the species of inter-
est) into the sampled population.

The most important factor driving model selection accuracy in
our simulations was not the prevalence of alleles from the unsam-
pled population in the sampled population (indeed, this variable was
found to have no significant relationship to accuracy), but rather,
how far those alleles spread into the sampled population and the
resulting increase in allelic diversity (including alleles originating
from the sampled population as well as the novel alleles introduced
by gene flow from the unsampled deme). Even in the most resistant
landscapes, however, alleles from the unsampled population eventu-
ally spread substantially into the sampled population. Unlike in the
admixture zone, the spread of these novel alleles into the sampled
population was driven by the intervening landscape, thus meeting
the assumptions of correlative landscape genetic analysis. As such,
the spread of these new alleles increased the power to detect land-
scape genetic relationships and therefore slightly improved model
selection accuracy.

A potential confounding factor in this dynamic is the relationship
between the rate of spread of alleles from the unsampled population
and the magnitude of resistance in the landscape. The magnitude of
resistance has consistently been shown to be an important factor in
model selection accuracy (Cushman et al., 2013), as higher resistance
creates strong patterns of genetic differentiation within the popula-
tion and therefore greater signal to noise ratios. We observed this in
our simulations as well, as the magnitude of resistance was strongly
related to model selection accuracy. Resistance does not only affect
the strength of the landscape genetic pattern, however. It also con-
trols the rate at which alleles spread from the unsampled population
into the sampled population. In highly resistant landscapes, the re-
duced spread of the unsampled population's alleles limits the helpful
increase in power that comes with greater allelic diversity, but also

provides greater signal. Conversely, in lower resistance landscapes,
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allelic diversity increases with the greater spread of alleles into the
sampled population, but this may be counteracted by the weaker
signal of the underlying landscape.

In the event of gene flow from unsampled demes, our results
suggest the highest model selection accuracy may come in the in-
termediate case, where resistance is sufficiently high to provide a
strong signal but not so high as to impede the spread of novel al-
leles throughout the sampled population. Indeed, we observed the
highest level of model selection accuracy at intermediate levels of
allelic diversity in the sampled population and intermediate levels of
resistance. If the pattern and magnitude of resistance in our simu-
lated landscapes was sufficient to limit the spread of the unsampled
deme's alleles beyond the initial zone of admixture, we believe our
expectation of reduce model selection accuracy would have been
met. However, this would require a near complete barrier to migra-
tion that would probably be easily detected given the strong signal,
even with the added noise due to gene flow from the unsampled
deme.

In addition to these spatial dynamics, we also observed a tempo-
ral dynamic related to model selection accuracy in our simulations.
After the burn-in period, model selection accuracy increased rapidly
for approximately 10 generations after the barrier was removed in
the “no barrier” simulations, driven by the increase in allelic diver-
sity afforded by the spread of alleles from the unsampled deme.
Afterwards, however, model selection accuracy decreased slightly,
coinciding with loss of allelic diversity in both the “no barrier” and
control simulations due to genetic drift. Drift reduced allelic diver-
sity because it was not countered by mutation and immigration given
the Wright-Fisher assumptions of our simulations. Allelic diversity
has been shown to be an important factor in model selection ac-
curacy ( Landguth et al., 2012) and was also significantly related to
model selection accuracy in our study. By the end of the simulation,
the model selection accuracy observed in the “no barrier” simula-
tions was almost the same as it was at the time of barrier removal.
Thus, the small benefit of gene flow from an unsampled deme may
be ephemeral if genetic drift reduces allelic diversity over time.

A key finding from our study is that the magnitude of the ef-
fect of gene flow from unsampled demes was minor, regardless
of how far the alleles had spread into the sampled population or
how many generations had passed since gene flow began. In real
populations, the effect may be even smaller, because, unlike in our
simulations, the unsampled population is unlikely to be completely
differentiated from the sampled population at the time gene flow
begins. This is an important finding because, a priori, it is often
difficult to identify all demes that may potentially provide gene
flow into the sampling extent, or to know the degree to which the
sampled population might hybridize with related species. Our re-
sults suggest other sampling considerations identified in previous
studies are far more important than gene flow from differentiated
demes. For example, sampling at an appropriate density, over an
appropriate sample extent, along environmental gradients poten-
tially affecting gene flow, at a sufficient number of (ideally highly

variable) loci, and accounting for time lags have all been identified
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as critical to maximizing model selection accuracy using correla-
tive landscape genetic approaches (Cushman & Landguth, 2010a,
2010b; Cushman et al.,, 2012; Cushman, et al., 2013; Oyler-
McCance et al.,, 2013).

In many ways, the limited impact of gene flow from an unsampled
deme is similar to other simulation studies that have explored es-
tablishment of population genetic structure after an initial period of
panmixia (Landguth et al., 2010; Shirk et al., 2018; Zeller et al., 2016).
In those studies, rather than removal of a mating barrier between
populations, the source of the initial disequilibrium was a change
from random mating within a population to a complex landscape
where mating probabilities were governed by a resistance surface.
In all cases, a new equilibrium was quickly reached and the effect
on model selection accuracy was modest compared to other factors
evaluated (Shirk et al., 2018; Zeller et al., 2016).

Although we examined a broad range of landscape variables
and resistance magnitudes over 300 generations of simulation time,
there are many aspects of population genetic dynamics we did not
vary or explore in the context of our study. Thus, there may be cir-
cumstances in which our inferences may not be valid and should
therefore be the focus of future investigation. For example, gene
flow from unsampled demes could come in repeated waves, rather
than as a constant rate of introgression. The environmental gradi-
ents influencing gene flow could be directional, rather than omnidi-
rectional and patchy as in our simulations. The density of individuals
in the sampled and unsampled demes could be dramatically different
than the even distribution we assumed. Similarly, the starting allele
frequencies and allelic diversity could be very different from our as-
sumptions of two completely differentiated populations with high
allelic diversity. Also, the Wright-Fisher assumptions in our simula-
tions could all be violated, with unknown impacts on the outcome.
For these reasons, further exploration of the potential impacts of
unsampled demes on model selection accuracy is needed.

Ideally, we would validate the inferences from our simulation
study by field studies of real populations (Landguth et al., 2015)
where the true resistance of the landscape was known, and varying
degrees of gene flow occurred between the sampled and unsam-
pled demes. However, the true resistance of a landscape is rarely,
if ever, known with certainty (landscape genetic model selection
only identifies the most well-supported model among those tested),
and replication under different scenarios of gene flow is difficult to
achieve. Simulations have the advantage of allowing explicit testing
of hypotheses with complete control over the population genetic dy-
namics, allowing strong inferences about cause and effect and the

magnitude of impacts from stipulated pattern-process relationships.
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