
fevo-09-612718 March 12, 2021 Time: 16:13 # 1

ORIGINAL RESEARCH
published: 18 March 2021

doi: 10.3389/fevo.2021.612718

Edited by:
Stéphane Dray,

UMR 5558 Biométrie et Biologie
Evolutive (LBBE), France

Reviewed by:
Jose Alexandre Felizola

Diniz-Filho,
Universidade Federal de Goiás, Brazil

Jérôme Prunier,
UMR 5321 Station d’Ecologie

Théorique et Expérimentale (SETE),
France

*Correspondence:
Celia Hein

celia.hein@mail.utoronto.ca

Specialty section:
This article was submitted to

Models in Ecology and Evolution,
a section of the journal

Frontiers in Ecology and Evolution

Received: 30 September 2020
Accepted: 09 February 2021

Published: 18 March 2021

Citation:
Hein C, Abdel Moniem HE and

Wagner HH (2021) Can We Compare
Effect Size of Spatial Genetic

Structure Between Studies
and Species Using Moran Eigenvector

Maps? Front. Ecol. Evol. 9:612718.
doi: 10.3389/fevo.2021.612718

Can We Compare Effect Size of
Spatial Genetic Structure Between
Studies and Species Using Moran
Eigenvector Maps?
Celia Hein1* , Hossam E. Abdel Moniem1,2,3 and Helene H. Wagner1

1 Department of Ecology and Evolutionary Biology, University of Toronto, Mississauga, ON, Canada, 2 Centre for Urban
Environments, University of Toronto, Mississauga, ON, Canada, 3 Department of Zoology, Faculty of Sciences, Suez Canal
University, Ismailia, Egypt

As the field of landscape genetics is progressing toward comparative empirical studies
and meta-analysis, it is important to know how best to compare the strength of
spatial genetic structure between studies and species. Moran’s Eigenvector Maps are
a promising method that does not make an assumption of isolation-by-distance in
a homogeneous environment but can discern cryptic structure that may result from
multiple processes operating in heterogeneous landscapes. MEMgene uses spatial
filters from Moran’s Eigenvector Maps as predictor variables to explain variation in
a genetic distance matrix, and it returns adjusted R2 as a measure of the amount
of genetic variation that is spatially structured. However, it is unclear whether, and
under which conditions, this value can be used to compare the degree of spatial
genetic structure (effect size) between studies. This study addresses the fundamental
question of comparability at two levels: between independent studies (meta-analysis
mode) and between species sampled at the same locations (comparative mode).
We used published datasets containing 9,900 haploid, biallelic, neutral loci simulated
on a quasi-continuous, square landscape under four demographic scenarios (island
model, isolation-by-distance, expansion from one or two refugia). We varied the genetic
resolution (number of individuals and loci) and the number of random sampling locations.
We considered two measures of effect size, the MEMgene adjusted R2 and multivariate
Moran’s I, which is related to Moran’s Eigenvector Maps. Both metrics were highly
sensitive to the number of locations, even when using standardized effect sizes, SES,
and the number of individuals sampled per location, but not to the number of loci.
In comparative mode, using the same Moran Eigenvector Maps for all species, even
those with missing values at some sampling locations, reduced bias due to the number
of locations under isolation-by-distance (stationary process) but increased it under
expansion from one or two refugia (non-stationary process). More robust measures of
effect size need to be developed before the strength of spatial genetic structure can
be accurately compared, either in a meta-analysis of independent empirical studies or
within a comparative, multispecies landscape genetic study.

Keywords: landscape genetics, simulation, MEMgene, comparative, genetic distance, meta-analysis, Moran’s I,
adjusted R-squared
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INTRODUCTION

The field of landscape genetics combines methods used in
population genetics, landscape ecology, and spatial statistics.
In the context of widespread habitat loss and fragmentation,
a main goal of this field is to assess the degree to which
landscapes facilitate the movement of organism and their
genes (i.e., landscape connectivity) by associating patterns of
genetic differentiation with landscape features (Taylor et al.,
1993; Tischendorf and Fahrig, 2000; Manel et al., 2003). This
may inform conservation by identifying landscape features that
constrain gene flow or corridors that promote it. However,
because many landscape genetics studies aim to inform landscape
management, other pre-existing factors that affect genetic drift,
such as deme size, are generally not included. The applied goal
of such studies thus focuses on maintaining genetic diversity
and directing habitat conservation efforts to high priority areas
(Manel et al., 2003; Storfer et al., 2007; Holderegger and Wagner,
2008; Balkenhol et al., 2009a,b). As such empirical studies use a
variety of designs and statistical tools, inconsistencies between
studies limit comparability and make unifying trends difficult to
identify (Dyer, 2015).

Landscape genetic studies routinely fail to meet many
assumptions of existing population genetic theory (Balkenhol
and Landguth, 2011; Landguth et al., 2015), and the lack of
comparability between studies makes it exceptionally difficult
to develop a unifying theory specific to landscape genetics
(Dyer, 2015). The landscape genetics literature was initially
characterized by an abundance of review articles, followed
by empirical, largely observational studies in various systems.
Recently, comparative landscape genetic studies are becoming
more common, where multiple species, or entire communities,
are sampled at the same sampling locations (Manel and
Holderegger, 2013). However, because different species may have
different demographic histories and evolutionary dynamics, this
could potentially confound our inferences about spatial genetic
patterns of species sampled from the same landscapes. Therefore,
empirical studies should only compare species with similar
demographic histories and evolutionary dynamics. Simulation
studies provide an avenue to test predictions about spatial genetic
structure of species with known demography and evolutionary
dynamics. The ability to compare accurately between studies
would create the opportunity to synthesize across species, studies,
and systems as a first step toward identifying unifying trends in
landscape genetics.

An important next step to advance the field would be
to compare the strength of spatial genetic structure, either
across studies in a meta-analysis (Dyer, 2015) or between
species in a comparative multispecies study. Regardless of the
complexities of spatial genetic structure, studies in landscape
genetics are highly varied in their sample size and study
design. For example, between independent studies and within
multispecies studies, there is commonly variation in sample
size and spatial sampling design, genetic resolution, and the
underlying population demographic history (Richardson et al.,
2016). While two populations may rarely exhibit the exact same
spatial genetic structure, there may be generalities regarding

effect size in terms of the total amount of spatial genetic structure
(Epperson et al., 2010). Standardized effect sizes (SES; Gotelli
and McCabe, 2002), which use randomizations of the data to
rescale the observed effect size, are increasingly used in the
multivariate analysis of ecological data (Botta-Dukát, 2018) and
could potentially improve our ability to compare the strength of
spatial genetic structure between studies and species.

The use of spatial statistics has become more common in
landscape genetics (Manel et al., 2010; Richardson et al., 2016).
Many spatial statistics assume that the spatial pattern results
from a single spatial process with constant mean, variance, and
spatial covariance structure (second-order stationarity). Moran’s
Eigenvector Maps (MEM; Dray et al., 2006) may be especially
useful for comparison between studies and species as it can model
spatial structure of any type (Wagner et al., 2017), including
structure resulting from multiple processes in heterogeneous
landscapes (Manel et al., 2010; Manel and Holderegger, 2013;
Richardson et al., 2016; Klinga et al., 2019). MEMgene (Galpern
et al., 2014) is a multivariate spatial analysis method that uses
MEM as spatial filters to quantify the spatial structure in a matrix
of genetic distances between sampling locations. It can identify
and visualize spatial patterns and neighborhoods in molecular
genetic data and detect cryptic spatial genetic structure that
may result from isolation by distance (IBD), resistance (IBR)
or environment (IBE), or a combination thereof. Within this
framework, MEMgene calculates an adjusted R2 that quantifies
the total amount of spatial genetic structure without making
assumptions about its specific form. MEM can also be used
to calculate Moran’s I, a spatial statistic that is often used
to quantify and test for spatial autocorrelation (Dray, 2011),
though this is not currently implemented in MEMgene. Both
metrics can be calculated from the same MEM analysis, but
they differ in their calculation and interpretation. MEMgene’s
adjusted R2 shows the percent of variation in a genetic distance
matrix that is explained by spatial autocorrelation, based on the
set of statistically significant MEM eigenvectors used as spatial
filters (Galpern et al., 2014), but it gives no further indication
of spatial scale. Moran’s I does not involve significance testing
but a weighting of all MEM eigenvectors according to their
spatial scale, so that the metric is highest for large-scale spatial
variation (Wong, 2004; Dray, 2011; Wagner and Fortin, 2015).
As these measures of effect size are becoming more commonly
used, the question is whether, and under which conditions, they
allow comparison between landscape genetic studies. It is unclear
whether their conceptual differences affect the performance of
either metric as a measure of effect size, and whether their
performance can be improved by using standardized effect sizes.
Our study addresses the question of how to compare effect size at
two levels, between independent studies and within multispecies
studies, focusing on three main factors: underlaying population
demography, genetic resolution, and spatial sampling design.

There is little information available on how MEMgene’s
adjusted R2 and Moran’s I behave across cases with variation
in underlaying demographic history, which is essential to
compare effect size between cases. The underlaying population
demographic history is frequently more complex than a simple,
stationary process such as IBD and may be the result of multiple
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ecological and evolutionary processes (Wagner and Fortin, 2013).
For example, it is possible that the current population is the
result of expansion from one or more refugia after glaciation
(Lait et al., 2012; Shaw et al., 2015). Spatial genetic structure
could also be affected by evolutionary processes such as drift
and selection (Born et al., 2008; Gaggiotti et al., 2009). And
on a more contemporary time scale, it could be affected by
ecological processes that affect dispersal, and by extension, gene
flow. For example, habitat loss and fragmentation may increase
landscape resistance to organismal movement and thus reduce
dispersal and gene flow (Cushman, 2006). These processes are
commonly spatial, non-stationary, and potentially interactive.
While MEM does not make an explicit assumption of stationarity,
it is known to be sensitive to trend (Borcard et al., 2004; Dormann
et al., 2007). IBD is stationary, but this assumption may be
violated where there is IBR or expansion from glacial refugia.
The empirical researcher typically has little prior knowledge
of the population demographic history of their study species
in their system. Therefore, in comparative landscape genetic
studies, demographic history should be considered as a potential
confounding variable.

Genetic resolution for the purposes of this study relates to
two factors, the number of biallelic loci and the number of
individuals per deme. Genetic resolution can vary in either or
both factors. It is unknown if the strength of spatial genetic
structure can be compared where there is variation in genetic
resolution between studies. Due to their increasing popularity,
our study focuses on single nucleotide polymorphisms (SNP).
Non-biallelic loci, such as microsatellites, show polymorphism
at each locus (Morin et al., 2004; Wong, 2004), so that highly
polymorphic loci provide greater resolution (Landguth et al.,
2012; Oyler-McCance et al., 2013).

Sampling design is also highly variable in landscape genetics
studies (Oyler-McCance et al., 2013). Sampling can vary in the
number of sampling locations and in their spatial configuration
(Balkenhol and Fortin, 2015). Here, we focus on a simple
random sample of locations, where each location represents a
deme. Note that Moran Eigenvector Maps (MEM) are derived
from eigen analysis of a weighted neighbor matrix of sampling
locations (Dray et al., 2006), hence results based on MEM may
be expected to be sensitive to the spatial sampling design. It
is important to note that the number of sampling locations
and their spatial configuration are confounded: if even a single
location is dropped, the neighbor matrix will change and with
it the MEM spatial filters used in MEMgene to model spatial
genetic structure. This may make MEM-based measures of
effect size sensitive to missing values. Ideally, in a comparative
multispecies study, there would be no variation in sampling
design if all species are sampled at the same locations. However,
there will likely be missing values at some sampling locations
for some species. Two strategies could be used in such a case:
(i) MEMgene could be performed separately for each species
based on a neighbor matrix of those sites where the species
occurred, treating each species independently (meta-analysis
mode); or (ii), the same MEM spatial filters could be used for
all species, dropping observations for each species at locations
where it was not found (comparative mode). As far as we

know, the latter has not been applied or tested, and it is used
here experimentally.

Using MEMgene (Galpern et al., 2014) to analyze simulated
landscape genetics data by Lotterhos and Whitlock (2014, 2015),
we studied the performance and comparability of adjusted R2

and Moran’s I in various scenarios. The goal of our analyses
was to assess which response metric, adjusted R2 or Moran’s I,
is more robust and comparable between scenarios. Specifically,
we aimed to assess the behavior of adjusted R2 or Moran’s I
in response to variation in three factors: demographic history,
genetic resolution, and sampling design. We considered four
different scenarios of demographic history: the island model
(IM), isolation-by-distance (IBD), and expansion from one (1R)
or two refugia (2R). Genetic resolution varied in each of the
two aspects; 6 or 20 individuals sampled per deme, and 500,
3,300, or 9,900 loci. Sampling design was set to either 90 random
sampling locations, 60 or 30, and for those samples with 60
locations, missing locations were either retained as missing
values (comparative mode) or were dropped and spatial filters
were recalculated (meta-analysis mode). Before either of these
measures can be used for comparative studies or meta-analyses,
it is important to understand under what conditions results can
be compared between species and study areas. Our study should
contribute to the progress of future meta-analysis and synthesis
across species, studies, and systems.

MATERIALS AND METHODS

Simulated Data
We analyzed simulated data published by Lotterhos and
Whitlock (2015). These data consist of 10,000 haploid, biallelic
loci (representing SNPs: 9,990 neutral, 100 adaptive) on three
replicate, quasi-continuous, square landscapes with 360 × 360
grid cells, each housing a deme. The simulated species has a
large geographic range, high effective population size, and rapid
linkage decay, with independently generated loci (Lotterhos and
Whitlock, 2014). See the Supporting Information, Appendix S1
of Lotterhos and Whitlock (2014) for details of the simulator.

Variation in population demographic history was simulated
under four models (Figure 1): island model (IM), isolation-
by-distance (IBD), expansion from one refugium (1R) or
two refugia (2R). The IM model served as a reference:
its genetic structure is non-spatial, as migrants are drawn
from a migrant pool independent of the distance between
demes. The IBD model at equilibrium represents a stationary
spatial process, whereas the 1R and 2R models are spatial
and non-stationary, as allele frequencies are likely to
show trend along clines. The carrying capacity per deme
equaled 16, 71, and 124 for IBD, 1R and 2R, respectively.
For all models except the IM, dispersal was modeled
with a discretized Gaussian dispersal kernel with σ = 1.3
multiplied by cell width. The simulation controlled for
global Fst by sampling at the time period when the global
Fst was approximately equal to 0.05, which was reached
after 1,000 generations for the 1R and 2R, 5,000 for the IM
and 10,000 for the IBD model. This means that datasets
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FIGURE 1 | Visual representations (s-value plots; Galpern et al., 2014) of the
first two MEMgene axes for each of the four demographic scenarios for one
replicate landscape (A: island model, B: isolation by distance, C: expansion
from one refugium, and D: expansion from two refugia) with the
corresponding adjusted R2.

are not directly comparable between demographic histories
(Lotterhos and Whitlock, 2014, 2015).

Lotterhos and Whitlock (2015) sampled two sets of 6 and
20 individuals per deme, using three different sampling designs
(random, transect, and pairs) with n = 90 sampling locations
each. Here we used only the random samples of 90 sites. Note
that the sampling locations were constant across demographic

scenarios and replicate landscapes, and the spatial coordinates are
available in Wagner et al. (2017).

Subsampling
For each combination of four demographic scenarios and three
replicate landscapes (12 datasets), we determined deme-level
allele frequencies among the 20 sampled individuals for each of
the sampled 90 demes, using 9,900 neutral loci (full data). To
assess the effects of genetic resolution, we repeated analyses with
allele frequencies based on the sampling of 6 individuals per
deme, and with a random sample of 3,300 or 500 loci. To assess
the effects of the spatial sampling design, we repeated analyses
for 10 random subsamples containing 60 or 30 of the original 90
sampling locations, using the same subsamples across datasets.

Genetic Analysis
For each dataset, we used the R (R Core Team, 2020) package
“hierfstat” (Goudet and Jombart, 2015) to estimate sample Fst
with the function “basic.stats” and calculated two pairwise genetic
distance matrices (Fst: pair-wise Fst, Dch: Cavalli-Sforza and
Edwards Chord distance) with the function “genet.dist” of the R
package “hierfstat.”

MEMgene Analysis
MEM spatial eigenvectors were derived from Euclidean distances
between sampling locations with the function “mgMEM” of the
R package “memgene” (Galpern et al., 2014). We used default
settings, which implement the minimum spanning tree (MST)
truncation, where distances exceeding the largest distance in the
MST (dMST) are replaced by 4× dMST.

We used the function “mgForward” of the package “memgene”
to select those MEM spatial eigenvectors with positive
eigenvalues (i.e., representing positive spatial autocorrelation)
that were significantly associated with the genetic distance
matrix. We applied default settings with 100 permutations and
alpha = 0.05, which is sufficient for a one-sided test.

Measures of Effect Size
We considered two main response variables, the MEMgene
adjusted R2 and Moran’s I. While Fst quantifies the overall genetic
structure, spatial or not, the MEMgene adjusted R2 quantifies
how much of the overall genetic variation is spatial (Peres-
Neto and Legendre, 2010; Galpern et al., 2014), and Moran’s I
quantifies the degree of positive spatial autocorrelation.

The MEMgene adjusted R2, as returned by the function
“mgForward,” is the correlation coefficient of a distance-based
redundancy analysis (dbRDA) of the genetic distance matrix
regressed against the set of significant MEM spatial eigenvectors
with positive spatial autocorrelation (see above), adjusted for the
number of predictors (Galpern et al., 2014).

A set of n = 90 spatial locations will result in 89 MEM
orthogonal spatial eigenvectors (Dray et al., 2006). Any set of
n− 1 variables will be able to explain 100% of the variation
in any response variable observed at the n locations. Because
the MEM spatial eigenvectors are orthogonal, the correlation
of each one of them with the genetic data, and thus the R2

explained by each MEM spatial eigenvector, does not depend
on the other eigenvectors included in the model. The total
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genetic variation can thus be partitioned by the MEM spatial
eigenvectors, resulting in a scalogram S, a vector with n− 1
eigenvector-specific R2 values that sum to 1 (Dray et al., 2012).
Each MEM spatial eigenvector k represents a synthetic spatial
pattern, and the MEM eigenvalue associated with eigenvector k,
rescaled through dividing by a constant, is equal to Moran’s I of
this pattern (Dray, 2011). Note that MEM spatial eigenvectors
are sorted by their eigenvalue, from largest to smallest, thus
representing a gradient from large-scale patterns, with positive
spatial autocorrelation, to finest-scale patterns, with negative
spatial autocorrelation. We calculated Moran’s I of the genetic
data as a weighted mean of all n-1 rescaled MEM eigenvalues,
weighted by the scalogram S (Dray, 2011).

In the absence of spatial autocorrelation, Moran’s I has an
expected value of E(I) =−1/(n – 1). Moran’s I values vary roughly
between + 1 and −1, however, the exact bounds will depend on
the sampling design. Specifically, the maximum value is given by
the Moran’s I of the first MEM spatial eigenvector (k = 1), and the
minimum by the Moran’s I of the last MEM spatial eigenvector
(k = n – 1) (Dray, 2011). Thus, Moran’s I is largest if 100%
of the genetic variation is explained by the first MEM spatial
eigenvector. Because we used the same n = 90 sampling locations
for all datasets, the maximum value of Moran’s I was constant
across the full datasets. However, each replicate subsample with
60 or 30 locations will have its own maximum value. To account
for this effect, we also calculated a rescaled Moran’s I (Ir) as
Ir = I/max(I).

Standardized Effect Size
Standardized effect sizes (SES) are calculated by subtracting the
mean effect size (ESsim)of R simulated data sets from the observed
effect size (ESobs) and dividing by the standard deviation (σsim) of
the simulated values (Gotelli and McCabe, 2002):

SES = (ESobs − ESsim)/σsim (1)

We simulated R = 200 datasets for each full dataset with
90 sampling locations, 20 individuals sampled per location,
and 500 loci, and for each subset (with 30 or 60 sampling
locations) thereof. A higher number of replicate simulations
(e.g., 1,000) is generally recommended but was not feasible here
due to computational constraints. The relatively low number
of simulations will increase variability but is not expected to
create bias in results. For each simulated dataset, genotypes of
the sampled individuals were randomly permuted among the
sampled locations. Then, we proceeded with the analysis as for
the observed data (here, the data simulated by Lotterhos and
Whitlock, 2015) to obtain an estimate of each response variable
for each simulation run. The means and standard deviations
among the 200 replicates were then used according to Eq. (1)
to calculate SES.

We visually checked for deviations from normality of the
distribution of ESsim for the full data with 90 sampling locations
under the IBD scenario. Normal probability plots for Moran’s I
and rescaled Moran’s I showed no systematic deviations from
normality, whereas the MEMgene adjusted R2 showed a distinctly
non-normal distribution with most values being zero and a few

deviations in either direction. Note that the distribution did not
improve when using unadjusted R2 values. As deviation from
normality may invalidate the use of SES (Botta-Dukát, 2018), we
decided to report SES only for Moran’s I and rescaled Moran’s I.

Study Mode
To approximate a meta-analysis situation with independent
analysis of multiple datasets, we performed MEMgene separately
for each subsample with 60 or 30 sampling locations (meta-
analysis mode). For n = 60 locations, any pair of subsamples will
share at least 30 demes (50% of sampling locations), but their
spatial configuration and thus MEM spatial eigenvectors will
vary. While real meta-analyses will involve more independent
datasets, this setting ensures that the subsamples are as
comparable as possible and can be expected to exhibit similar
spatial genetic structure as the full dataset with n = 90 sites, at
least on average.

In a multi-species study where all species are sampled at the
same locations, some species may be absent from some locations.
As an alternative to performing MEMgene independently for
each species (meta-analysis mode), we considered using the
same, full set of 89 MEM spatial eigenvectors and dropping, for
each species, the sites with missing values (comparative mode).
This means that for each subsample, forward selection of MEM
spatial filters with dbRDA was performed with the same predictor
variables but including only the 60 observations with genetic
data available. Note that because we used forward selection
and included only those spatial eigenvectors with positive
eigenvalues, this did not lead to overfitted models with more
predictors than sites, and the adjusted R2 could be calculated
as above. For Moran’s I, we determined the scalogram S with a
set of n – 1 simple regressions, one for each spatial eigenvector.
Dropping sites is likely to render the spatial eigenvectors non-
orthogonal, so that the sum of S may differ from 1. We chose not
to normalize S (i.e., make it sum to 1) as preliminary results found
that this led to decreased performance.

Performance Evaluation
For each dataset and response variable, we compared the value
obtained for the full sample of n = 90 sampling locations to the
mean value of the 10 subsamples with n = 60, which we calculated
separately for the meta-analysis mode and for the comparative
mode. While we expected some variability among the 10 replicate
subsamples, a significant deviation of their mean from the full
sample will indicate systematic bias. We used paired t-tests to
statically validate such bias across datasets and evaluated effect
size using Cohen’s d (Cohen, 1988).

RESULTS

Effect of Population Demographic
History
We observed considerable differences in the amount of spatial
genetic structure identified for each demographic scenario by Fst,
MEMgene adjusted R2 (Figure 1), and Moran’s I (Figure 2). In
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all datasets, the demographic model where the greatest amount of
genetic structure is explained by space was the 2R model, followed
by 1R, and IBD. As expected, the IM showed Fst values similar
to the other demographic scenarios but no spatial structure,
and thus was dropped from further analysis. The difference in
the strength of spatial genetic structure between the IBD, 1R,
and 2R models was greater for Moran’s I than for adjusted
R2. This overall pattern was robust to the metric of genetic
distance used, as we observed similar patterns to those based on
pairwise Fst upon repeating the analysis using Dch distance (see
Supplementary Figure 1).

Effect of Genetic Resolution
Both adjusted R2 and Moran’s I showed systematically lower
values when calculated with six individuals per location,
compared to 20 per location (Figure 3). In contrast, the number

of loci had no discernible impact on the mean value of either
response variable, though smaller numbers of loci increased
variability somewhat (Figure 3). Fst was not sensitive to the
number of loci or the number of individuals genotyped.

Effect of Spatial Sampling Design
Across all metrics, datasets with all 90 sites had higher
values than those with 60, with the lowest values for those
with 30 sites (Figure 4). For the IBD demographic model,
meta-analysis mode (where the MEM spatial eigenvectors are
derived independently for each species based on those sites
where the species occurred) increased this bias compared to
comparative mode (where the same MEM spatial eigenvectors
are used for all species) for adjusted R2 and for Moran’s
I, but the opposite trend was observed for scenarios with
expansion from one or two refugia. Rescaling Moran’s I by

FIGURE 2 | Effect of demographic scenario on measures of genetic structure. Each symbol shows the mean (and 95% CI) of one of three measures of genetic
structure (A: Fst, B: MEM adjusted R2, C: Moran’s I), averaged across three replicate datasets generated under one of four demographic scenarios (IM: island
model, IBD: isolation by distance, 1R: expansion from one refugium, 2R: expansion from two refugia). Data represent all 90 sites with 20 individuals pers site
genotyped at 9,900 neutral loci.

FIGURE 3 | Effect of genetic resolution on measures of genetic structure (A: Fst, B: MEM adjusted R2, C: Moran’s I). Genetic resolution was represented by variation
in the number of loci (500, 3,300, or 9,900) and the number of individuals (NumInd) per site (6 or 20). Data represent all 90 sites with genetic distances based on
pairwise Fst.
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FIGURE 4 | Effect of the spatial sampling design on measures of spatial genetic structure. Each symbol shows the relative mean (and 95% CI) of adjusted R2 (top)
Moran’s I (center) or scaled Moran’s I (bottom), in comparative mode with 60 sites (Comp.60), meta-analysis mode with 60 sites (Meta.60), or meta-analysis mode
with 30 sites (Meta.30), for a demographic model (IBD: isolation by distance, 1R: expansion from one refugium, 2R: expansion from two refugia). Observed statistics
are shown in black, those for SES in gray. Relative means were obtained by dividing the mean of 10 replicate subsamples by the value obtained for the full dataset
with 90 sampling locations, so that e.g., a relative mean of 0.8 would indicate a 20% lower average than expected from the full dataset. The horizontal lines indicate
a relative mean of 1. Genetic distances were based on pairwise Fst using 20 individuals per location.

its maximum value did not eliminate bias due to the number
of sampling locations (Figure 4, bottom). When comparing
the mean value of the then subsamples with 30 sites to the
corresponding value for the full sample of 90 sites, paired
t-tests showed large, statistically significant differences, with
the largest effect size (Cohen’s d) for Moran’s I, the smallest
for rescaled Moran’s I, and an intermediate effect size for the
MEM adjusted R2 (Table 1). In meta-analysis mode, standardized
effect sizes (SES), reported for Moran’s I and rescaled Moran’s I
(Figure 4), were equally biased as unstandardized values when
comparing effect sizes between datasets with 90, 60, or 30

sampling locations. In comparative mode, SES performed
considerably worse.

DISCUSSION

Effect of Population Demographic
History
We found that expansion from one or two refugia resulted
in much larger effect sizes for the strength of spatial genetic
structure (i.e., MEM adjusted R2 and Moran’s I values), although
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TABLE 1 | Results of paired t-tests comparing subsamples of 30 and 90 locations
for adjusted R2, Moran’s I, and rescaled Moran’s I.

Metric t-score df p-value Cohen’s D

Adj R2
−10.065 17 <0.001 −2.372

Moran’s −17.211 17 <0.001 −4.057

Scaled Moran’s I −9.547 17 <0.001 −2.250

All tests were significant with α < 0.05. Cohen’s D is reported without the IM model
to reduce bias. Cohen’s D defines a small effect size as 0.2–0.5, a medium effect
0.5–0.8, and a large effect size ≥ 0.8.

the datasets had been simulated with comparable overall genetic
differentiation (Fst). These results suggest that we cannot
accurately compare the effect of landscape features on gene
flow between independent studies or within a multispecies study
where there is variation in underlaying population demographic
history. The underlaying population demography is typically
unknown to the empirical researcher and may vary between
landscapes for the same species and between species for the
same landscape, which further increases the uncertainty of the
potential comparison between studies or species.

The strong increase of adjusted R2 and Moran’s I for scenarios
with expansion from one or two refugia suggests that effect size
in MEMgene is sensitive to non-stationarity. It is well known
that several MEM spatial filters are required to model linear
trend, hence one strategy is to detrend data (Borcard et al., 2004,
2018; Griffith and Peres-Neto, 2006; Beale et al., 2010). As the
response is a matrix of genetic distances, detrending is not trivial.
One approach would be to detrend the allele frequencies. While
relative frequencies vary between 0 and 1, removing the mean
(modeled as a function of spatial x- and y-coordinates) will result
in some negative values, which makes it problematic to calculate
genetic distances. On the other hand, one could partial out the
spatial x- and y-coordinates during spatial filtering. However,
this would likely render the spatial filters non-orthogonal. When
we partial out the spatial coordinates from the correlation
between the genetic distances and MEM spatial eigenvectors,
we regress both on the coordinates and correlate their residuals
(Legendre and Legendre, 2012). The residuals of the spatial
eigenvectors are no longer uncorrelated. For the sampling design
in Figure 1, for instance, the pairwise correlations among the
residual eigenvectors range between−0.4 < r < 0.4.

Furthermore, trend in allele frequencies, such as along a
cline, may represent biologically meaningful population genetic
structure, so that its elimination could also distort comparisons
between studies. Further research is needed to assess whether
expansion from refugia creates other forms of non-stationarity
beyond trend in allele frequencies. It is also important to
recognize that this study only examined two metrics based on
MEM and that other methods with different assumptions may be
more robust between comparisons.

Effect of Genetic Resolution
We found that both adjusted R2 and Moran’s I were surprisingly
robust to the number of loci, but sensitive to the number
of individuals sampled per site. This is in contrast to Fst,
which was robust to both changes in the number of samples

per location and the number of loci. Our findings contrast
with those of Landguth et al. (2012), who found that the
partial Mantel r correlations between genetic and ecological
distances (accounting for geographic distances) was sensitive to
the number of loci and the level of polymorphism but robust
to the number of individuals (with one individual sampled
per location). This suggests that existing recommendations on
resource allocation (i.e., when to invest into sampling more
sites, genotyping more individuals per site, or increasing the
number or polymorphism of genetic markers) for landscape
genetic studies (Landguth et al., 2012; Oyler-McCance et al.,
2013) may need to be revisited to clarify which factors are most
important depending on the research question and the chosen
analysis approach (Balkenhol and Fortin, 2015).

This study only examined neutral SNPs, and expanding into
other common genetic markers (Hall and Beissinger, 2014), such
as microsatellites, or markers under selection is beyond the scope
of this study. However, in empirical datasets, other factors likely
to occur (e.g., site polymorphism, strength of selection, linkage to
sites under selection) may have an effect on genetic resolution.
Our results suggest that the statistical power of MEMgene
analysis may be more dependent on the number of individuals
sampled per deme than on the number of loci. Further research
should address whether sampling more individuals per location,
or pooling nearby samples, increases the ability of MEMgene to
detect cryptic spatial structure.

Effect of Spatial Sampling Design
We found that smaller samples (i.e., subsamples with 60 or 30
of the original 90 sampling locations) resulted in systematically
lower estimates of spatial genetic structure, both for the
MEMgene adjusted R2 and for Moran’s I. This sensitivity to the
number of sampling locations suggests difficulty in comparing
between landscape genetic studies in meta-analyses. Moreover,
such bias in effect size may not be limited to the analysis
of genetic variation with MEMgene but could affect other
applications of MEM to univariate or multivariate ecological data
(Dray et al., 2012). More generally, Moran’s I has been shown
to underestimate spatial autocorrelation for small numbers of
spatial locations (Carrijo and da Silva, 2017).

Analysis with comparative mode, where the same basis set
of MEM spatial eigenvectors (based on all sites) are used for all
species, somewhat reduced bias under the stationary scenario of
isolation-by-distance but increased it under the non-stationary
scenarios with expansion from one or two refugia. Where there is
a small number of missing sites, it may be safer to restrict analysis
to those sites where all species occurred. We do not recommend
using comparative mode analysis, as the bias reduction was
insufficient and dependent on stationarity. In addition, there
are methodological concerns where the missing observations
change the correlation structure of the MEM spatial eigenvectors
resulting in scalograms that do not sum to 1.

Standardized effect sizes (SES) did not provide an
improvement. First, non-normal distributions among permuted
datasets precluded the calculation of SES for the MEMgene
adjusted R2. Second, SES for subsamples in meta-analysis mode,
on average, showed the same bias compared to SES for the full
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dataset with 90 sampling locations as observed Moran’s I (or
rescaled Moran’s I). Finally, comparative mode analysis further
decreased the performance of SES.

This study only examined a random sampling design with
randomized missing values. While we suspect similar problems
will occur with other common sampling designs, such as transects
or grids (Oyler-McCance et al., 2013), those analyses are beyond
the scope of this paper.

CONCLUSION

We found that the MEMgene adjusted R2 and Moran’s I are
sensitive to variation in population demographic history, the
number of individuals sampled per location, and the number and
spatial configuration of sampling sites. Further research will be
needed to assess the sensitivity of other applications of MEM,
e.g., for ecological data (Dray et al., 2006, 2012; Franckowiak
et al., 2017; Bauman et al., 2018) to the number and spatial
configuration of sampling locations. Additionally, it is important
to keep in mind, as with any simulation study, that our simulated
species is highly simplified and that species in the real world will
likely vary in demography, life history, and a variety of other
factors, which may further complicate analysis.

We caution those hoping to perform meta-analysis or
comparative analyses with landscape genetic datasets. While
MEM can model complex spatial patterns (Dray et al., 2012) and
MEMgene facilitates visual comparisons of multivariate genetic
data, our results suggest that the strength of spatial genetic
structure cannot be easily compared using MEMgene adjusted R2

or Moran’s I. Meta-analysis and multispecies studies are highly
useful, particularly in studies related to habitat connectivity and
climate change. However, at this point, MEM-based comparisons
of the strength of spatial genetic structure between different
studies or within a multispecies study will likely not be accurate.
Any alternative indicator for comparison should be scrutinized
for sensitivity to the underlaying population demography, genetic
resolution, and sampling design before it is applied in meta-
analysis and multispecies studies.
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