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As the data resulting from modern genotyping tools are
astoundingly complex, genotyping studies require great
care in the sampling design, genotyping, data analysis
and interpretation. Such care is necessary because, with
data sets containing thousands of loci, small biases can
easily become strongly significant patterns. Such biases
may already be present in routine tasks that are present
in almost every genotyping study. Here, I discuss seven
common mistakes that can be frequently encountered in
the genotyping literature: (i) giving more attention to
genotyping than to sampling, (ii) failing to perform or
report experimental randomization in the laboratory, (iii)
equating geopolitical borders with biological borders, (iv)
testing significance of clustering output, (v) misinterpret-
ing Mantel’s r statistic, (vi) only interpreting a single
value of k and (vii) forgetting that only a small portion
of the genome will be associated with climate. For every
of those issues, I give some suggestions how to avoid the
mistake. Overall, I argue that genotyping studies would
benefit from establishing a more rigorous experimental
design, involving proper sampling design, randomization
and better distinction of a priori hypotheses and explor-
atory analyses.
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Introduction

Genetic data sets are rapidly getting bigger. Along with
this increase in size, there has also been a broadening of
the scope of genotyping studies. They are no longer only
used to answer purely genetic questions, but increasingly
also to answer ecological questions (as exemplified by the
name of this journal). This increase in scope is exciting as,
for the first time, we are starting to get the whole picture
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of how selection works: from the genetic variation up to
the individual phenotype, the population and the environ-
ment. On the other hand, the ease with which genetic data
can be obtained attracts many researchers from other
fields, who lack a formal training in population genetics
(Karl et al. 2012).

Large data sets present many challenges (Karl et al. 2012;
Vrijenhoek & Waples 2012), among which is that small
mistakes in experimental design or data analysis may lead
to false inferences. A very small bias may have a negligible
effect in a microsatellite data set, but become a strongly
significant pattern in a next-generation sequencing project.
Sometimes, such biases are recognized and controlled for,
but frequently they lead to false positives and incorrect
inferences (Lotterhos & Whitlock 2014). Such problems
already appear in very simple types of analyses: recently,
Waples (2014) pointed out some common mistakes made
in testing and interpreting Hardy—Weinberg equilibrium, a
concept that is more than a century old. However, there
are more issues where we, as the scientific community,
have gradually slipped into the habit of doing relatively
simple things incorrectly.

In this study, I discuss seven mistakes that are frequently
made in genotyping studies and that greatly hinder our
ability to assess which processes determine the distribution
of genetic variation. These issues are not necessarily all
limited to modern genomic data sets, but may also occur
with smaller data sets such as microsatellite studies. How-
ever, the size of modern data sets makes the issues more
pertinent, as their sheer power will lead to very small
P-values, making researchers overly confident that the pat-
terns they are seeing are real. For every issue, I provide
some simple suggestions on how these types of problems
can be avoided. I present these issues in the order in which
a typical genotyping study is performed: sampling, geno-
typing, analysis and finally the interpretation of the results.

Common mistakes

Giving more attention to genotyping than to sampling

In a recent review on how we can use genetics to find local
adaptation, Tiffin & Ross-Ibarra (2014) included a large sec-
tion called ‘challenge of obtaining high-quality data’. This
section discussed the difficulties and pitfalls in obtaining
high-throughput sequencing data, but they did not say
anything about the sampling strategy. This is a major omis-
sion as high-quality data start with high-quality sampling.
The choice of sampling strategy may even have a stronger
impact on the outcome of a genotyping study than the
peculiarities of the marker system. High-throughput
sequencing projects have—for the time being—generally
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lower sample sizes than classical genotyping studies, mak-
ing it more important where exactly the included individu-
als come from. A good sampling strategy can be expensive,
especially for widespread and/or elusive species. There-
fore, faced with limited financial resources, researchers
often prefer to spend their money on additional genotyp-
ing than on sampling. This is unfortunate as a failure to
invest in robust sampling may completely waste the invest-
ment in genotyping.

Sampling design can have large effects on the outcome
of commonly used population genetic analyses. A simple
and well-known example is provided by gaps in the sam-
pling that can lead to a false detection of population clus-
tering when there is in fact a simple pattern of isolation by
distance (IBD) (Audzijonyte & Vrijenhoek 2010). In tests of
correlations between genetic variation and environmental
variables (genetic-environment associations, GEA; Hedrick
et al. 1976), linear transects across a strong environmental
gradient are wholly uninformative as they only present a
single axis of variation that will overlap with neutral pro-
cesses (Meirmans 2012a). In designing a sampling strategy,
there is often a trade-off between sampling few popula-
tions with many individuals and sampling many popula-
tions with few individuals. Different statistical methods
differ in how their power is affected by this trade-off. For
example, assignment tests depend on accurate estimates of
population allele frequencies and work best with few pop-
ulation samples of many individuals (Meirmans 2012a). On
the other hand, for GEA tests, many populations with few
individuals are often preferable, because that will maxi-
mize the environmental variance (Lotterhos & Whitlock
2015). Because of these trade-offs, it is unwise to perform
both types of tests in a single study as at least one of them
will have insufficient power. In a comparable way, differ-
ent analyses may require different spatial scales of
sampling.

The particularities of a species’ distribution may also
limit the possible sampling designs. This can then lead to
pseudoreplication in the sampling that is difficult to
account for. In many cases, especially when rare species
are concerned, it may therefore actually not be possible to
have a meaningful sampling at all when one wants to do a
certain analysis. Imagine fictitious montane unicorns
(Monoceros montanus; Hurlbert 1990) that have a distribu-
tion consisting of two geographically and genetically
well-separated areas (North and South), with only a small
number of demes in each. In such a case, both the main
environmental variance and the main genetic variance lie
between the two areas, and their covariance makes analy-
ses of GEA nearly impossible.

What to do. Design your sampling based on simulations
specific to your study species. Many excellent tools are
available for doing population genetic simulations (Hoban
et al. 2012), some of which can simulate realistic geographi-
cal scenarios (Meirmans 2011). For many species, distribu-
tion data are available in public databases (e.g. gbif.org)
that can be used to fit the simulated metapopulation to the

study species. The simulated data can then be used (possi-
bly together with available environmental data) to assess
the performance of different types of analyses under differ-
ent sampling strategies. For GEA tests, paired sampling of
nearby patches with opposing environments seems to pro-
vide the highest power (Lotterhos & Whitlock 2015), but
this may depend on the spatial distribution of the species
and on the environmental variables. Finally, be willing to
acknowledge defeat: not all types of analyses may be
meaningful for your target species. In those cases, be
prepared to skip the analyses all together.

Failing to perform or report experimental randomization in
the laboratory

Let us assume that we want to test whether male and
female montane unicorns differ in the effect of diet on the
length of their horns. In such an experiment, we should
not place all male foals in one stable and all females in
another. Instead, the two sexes should be randomized over
stables in order to prevent bias due to possible effects of
stable on horn length. Randomizations are so essential to
experimental studies that most journals refuse to publish
studies that lack a proper description of how exactly sub-
jects were randomized over treatments. Strangely, how-
ever, genotyping studies seem to be exempted from this
rule. Few genotyping papers describe in full detail whether
and how individuals and populations were randomized
during the genotyping analysis in the laboratory.

Genotyping studies are in fact experiments. Therefore,
they should be executed in a fashion that prevents bias
stemming from the genotyping process: for example, if we
want to test for genetic differences among populations, we
should employ proper randomization of individuals over
populations to prevent bias. There is plenty of room for
bias. Even though we like to think of genetic data as very
solid, anybody who has spent some time in the laboratory
knows that this is not the case. With AFLPs, differences in
the performance of the PCR may cause differences in band
intensity and therefore lead to differences in genotypes
when gels are scored. With microsatellites, most types of
errors may be gel or plate specific, including stutter bands,
ghost bands, mistakes in the estimation of band length and
other artefacts. With next-generation sequencing studies,
the coverage, and hence the degree of missing data, may
vary strongly among lanes and there may be highly repli-
cable errors in base-calling. When all individuals from one
population are placed on one plate, gel or lane, and the
individuals from another population on another, errors that
are specific to a plate, gel or lane will lead to an overesti-
mation of the among-population differentiation, the pres-
ence of artificial clusters and an underestimation of the
migration rate.

What to do. As in every experiment, proper randomization
should be employed during the genotyping in the labora-
tory. At the most basic level, individuals from different
populations should be randomized over gels. In studies of
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spatial autocorrelation, you should also prevent that indi-
viduals or populations that are geographically close in nat-
ure are also close to each other on the genotyping plate,
gel or lane; the randomization of such data should there-
fore take the geographical coordinates into account. It is
perfectly possible that such randomization is already prac-
tised in genotyping laboratories everywhere and I am sim-
ply unaware of it. However, if this is the case, this is
nowhere evident in the literature. Therefore, editors and
reviewers should make sure that studies clearly report
what measures have been taken to prevent such biases.

Equating geopolitical borders with biological borders

Detecting transitions in the distribution of genetic variation
is an important aspect of many genotyping studies, be it to
make inferences about past historical events (Taberlet et al.
1998) or to correct for biases it may induce (Excoffier et al.
2009; Meirmans 2012a). Often, this is performed by hypoth-
esizing the location of the border a priori and then testing
its significance (e.g. in an amova). This approach gives a
good inference power as it is based on the direct testing of
an hypothesis, in contrast to more exploratory types of
analyses such as sTRUCTURE (Pritchard ef al. 2000). To obtain
such an inference power, there must therefore be a strong,
biologically valid, a priori, hypothesis. However, what we
often see is that a priori groups are specified that lack a
solid biological reasoning.

In practice, the groups are often made by simply divid-
ing the sampled area into, for example, an ‘eastern” and a
‘western’ cluster. Such groupings can even be based on
purely anthropogenic factors, such as geopolitical borders.
It is obvious that there is very little insight to be gained
from such an analysis as wild species are hardly ever con-
cerned with geopolitical borders. Any effects of geopolitical
borders on dispersal are only expected in cases where the
border coincides with a major geographical border, such as
a sea, mountain range or river. In rare cases, and mostly
for larger animals, there may also be a barrier when the
border is closed to such a degree to become a major
impediment to dispersal (e.g. the former iron curtain, the
Korean demilitarized zone and the US-Mexico barrier).
Even so, in the latter cases, the border may be too recent to
have left any biologically relevant effects on the genetic
population structure.

What to do. Rather than concentrating on ad hoc or geopo-
litical borders, only use tests of a priori specified structure
when you have a sound biological hypothesis about the
location of the border. If you have a general idea, but are
unsure about the exact location of a border, use a (spatial)
clustering algorithm instead (Pritchard et al. 2000; Jombart
et al. 2010; Meirmans 2012b). Note that, especially with
large genomic data sets, AMovas are powerful enough to
also give strongly significant results when the defined
structure is only partly correct, which may give you false
confidence. For example, it is well described that many
European species show an East-West clustering, resulting
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from postglacial recolonization (Taberlet et al. 1998). How-
ever, the locations of the genetic transition zones vary
widely among species. Therefore, testing a generic ‘East-
West’ distinction for a particular species will not offer any
additional insights.

Testing significance of clustering output

Let us assume we have a sample of montane unicorns and
have measured for each individual the length of its horn
and then separated the individuals into two groups based
on their horn length. Anyone with a passing knowledge of
statistics knows that we are then not allowed to test
whether the long-horned and short-horned unicorns have
different horn lengths. This is because there is an obvious
case of nonindependence as the grouping was based on
horn length to begin with. The same argument holds for
multivariate data: if clusters have been assigned—either
manually or algorithmically—based on a particular data
set, we are not allowed to test whether the clusters are sig-
nificantly different for this same data set.

The same rule should be applied to genotyping data,
because that is essentially multivariate. Nevertheless, this
practice is surprisingly common in population genetic
studies: first, a clustering algorithm, such as STRUCTURE
(Pritchard et al. 2000), DAPC (Jombart et al. 2010) or
K-means (Meirmans 2012b), is used, and the optimal num-
ber of groups is established. Subsequently, an amova (Ex-
coffier et al. 1992) is performed based on these groups,
including—and wrongly so—a permutation test to assess
the significance of the differentiation. The P-value resulting
from such a permutation test is completely meaningless as
the test suffers from exactly the same circularity as the uni-
corn example above. When the clustering is carried out
using STRUCTURE, the problem is especially egregious
because that represents a mixture of statistical frameworks:
the Bayesian STRUCTURE results are being retrofitted into the
probabilistic permutation test.

What to do. You can easily avoid this problem by not
reporting the P-values of an amova that is based on cluster-
ing of the same data. Note that it is perfectly fine to report
the F-statistics from such an amova; these give an indica-
tion of the strength of the separation between the clusters,
which may be valuable information for the interpretation
of the results. P-values, on the other hand, do not measure
the strength of differentiation, but only indicate the level of
statistical support. In such a case, the P-values—which
may be strongly significant for a NGs data set—suffer from
circular reasoning and are therefore meaningless.

Only interpreting a single value of k

Clustering data is difficult. Therefore, many different algo-
rithms have been developed, each with a different
approach and different assumptions (e.g. Pritchard et al.
2000; Francois ef al. 2006; Jombart ef al. 2010; Meirmans
2012b). Determining the number of clusters (k) is even
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harder. This is partly because increasing the number of
clusters will generally improve the fit of the model on the
data. A proper method therefore includes a correction for
this, although different data sets may require a different
correction. Back in 1985, Milligan & Cooper found no less
than 30 procedures to estimate the number of clusters, and
many more procedures have been added since. Nowadays,
the most popular clustering method for genetic data is
sTRUCTURE (Pritchard et al. 2000), where two summary statis-
tics are used for inferring k: Ln P(D) (Pritchard et al. 2000)
and AK (Evanno et al. 2005). Interestingly, these statistics
have been described by their respective authors as ‘dubi-
ous at best’ and ‘ad hoc’. This indicates that generally there
is a large degree of uncertainty in estimates of k and that
these should be taken with a generous helping of salt.

The demographic, environmental and historical processes
that have led to the current genetic structure of species are
multifaceted and complex. As a result, there may be differ-
ent levels of organization present in the genetic structure. In
many studies, a simple hierarchical structure is assumed
where individuals are clustered within populations and
populations are clustered within geographical regions. In
such a simple structure, there are already two valid values
of k: the number of populations and the number of regions.
However, the populations within regions may be variable in
their rates of gene flow and their shared ancestry, such that
some populations may stand out more than others, leading
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to more complex patterns of population structure. Figure 1
shows an example using simulated data of a system with a
tree-like structure (see Betto-Colliard et al. 2015 for an exam-
ple from real data). Although AK gives an optimum of two
clusters for this data set, we see that values of k from 2 to 5
are all informative about the actual population structure. In
nature, the different levels also do not necessarily have to be
hierarchically structured: a species may be structured into
geographical regions, but across regions also into ecotypes
or host races. Therefore, we see that, besides the large uncer-
tainty in the estimation of k, there often are few biological
reasons to assume only a single value of k. Different values
may simply reflect different demographic processes and
therefore warrant interpretation.

What to do. Discuss all clustering results that warrant a
biological interpretation. A clustering analysis is by nature
a type of exploratory analysis, which makes it more open
to interpretation at multiple levels; STRUCTURE is actually
used in such a way in the original paper describing the
method (Pritchard et al. 2000). Of course you should also
observe some prudence to prevent overinterpretation: only
patterns with a clear biological explanation should be
considered. This also applies to your interpretation of the
k-value that is deemed optimal according to the summary
statistic of choice: it is better to have a biologically inter-
pretable pattern from a ‘suboptimal’ k than a completely
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Fig. 1 sTRUCTURE results (right) for simulated data under a tree-like population structure (left). Although the optimum number of clus-
ters returned by AK is k = 2, all levels of k presented here are informative about the actual population structure. The migration rates
among the clusters are indicated by the arrows in the tree. This figure was inspired by Fig. 2 in Betto-Colliard et al. (2015). See the
Supporting information for more information regarding the simulation and the analysis of the simulated data.
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unrealistic pattern from the ‘optimal’ k. In contrast, there
are also cases where there is a clear a priori expectation
about k; in such cases, it may be unnecessary to interpret
multiple values of k. This is, for example, the case when
explicitly analysing the hybridization and admixture
between a number of well-established species (e.g. Van
Hengstum et al. 2012).

Misinterpreting Mantel’s r statistic

In most species, if not all, dispersal is spatially limited
and most offspring disperses only a relatively short dis-
tance from its parents. In such cases, we say that there
is IBD, as demes that are close together tend to exchange
more genes than demes that are far apart. Testing for
IBD is therefore a standard analysis in population genetic
studies; this is typically done by performing a Mantel
test (Mantel 1967) on a matrix of pairwise genetic dis-
tances (e.g. linearized Fsr) and a matrix of pairwise geo-
graphical distances. The Mantel test is a very flexible
tool, as many ecological hypotheses can be phrased as
an association between pairwise matrices (Legendre &
Legendre 1998). For example, it is also frequently used
to test for isolation by adaptation (IBA), or to compare
IBA and IBD (Shafer & Wolf 2013). Unfortunately, the
interpretation of Mantel’s r statistic is far from straight-
forward in these cases.

The main problem is that Mantel’s r (or the > from a lin-
ear regression on the matrices) does not provide an accu-
rate decomposition of the genetic variation (Legendre &
Fortin 2010). Instead, it gives a decomposition of the varia-
tion in genetic distances, although it is also not very good
at that (Raufaste & Rousset 2001). As a result, Mantel’s r
does not say anything about what we are actually inter-
ested in when we use a Mantel test: how the spatial distri-
bution of the genetic variation within a species is affected
by dispersal limitation.

Let us first derive an expectation of how the degree of
spatial autocorrelation in the total genetic variance is influ-
enced by the migration rate. When the migration rate is
very low, we obtain high values of Fgr, indicating that
almost all genetic variation lies among populations.
Because of the extremely limited dispersal, we expect that
only a small proportion of the total variation is spatially
autocorrelated (Lotterhos 2012; Puebla et al. 2012). On the
other extreme, when migration is very high, Fsr is low and
almost all variation lies within populations. In this case,
there again is very little of the total genetic variation left to
be spatially autocorrelated. So we expect that the fraction
of the total genetic variation that is spatially autocorrelated
reaches its maximum value at intermediate migration rates.
To illustrate the limitations of Mantel’s r in this respect, I
performed some simulations of a simple linear metapopu-
lation with stepping-stone migration, using the software
MARLIN (Neuenschwander et al. 2008; Meirmans 2011; see
Supporting information data for details). Figure 2 shows
that Mantel’s » does not display the expected pattern, but
instead increases monotonically with increasing migration
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Fig. 2 Fsr, Mantel’s 7 and the percentage of constrained varia-
tion of an redundancy analysis (RDA) as functions of the
migration rate under a one-dimensional migration model. Note
that high values of Mantel’s r do not indicate limited dispersal
and therefore Mantel’s r is unsuitable for quantifying the
importance of isolation by distance. Results are averaged over
100 repeat simulations of a linear metapopulation consisting of
20 populations. See the Supporting information for more infor-
mation regarding the simulations and the analysis of the simu-
lated data and for the used R script.

rate. Therefore, a high value of Mantel’s r does not indicate
limited dispersal, but rather the opposite.

What to do. Rather than Mantel’s r, use a method that
properly decomposes genetic variance. One of the best
methods is presented by a redundancy analysis (RDA),
performed on the population allele frequencies (Orsini
et al. 2012; Wang et al. 2012). RDA is a combination of prin-
cipal component analysis (PCA) and multiple regression
that can be used to assess the influence of a matrix of inde-
pendent variables (here the geographical coordinates, or
polynomial combinations thereof) on a matrix of depen-
dent variables (here the allele frequencies). The percentage
of variation explained by all constrained RDA axes then
indicates the spatial variance component (Borcard ef al.
1992). In a population genetic context, this then indicates
the spatial component of the among-population variation.
However, we are mostly interested in the total genetic vari-
ation. The spatial component of the total genetic variation
can be obtained by making use of the link between PCA
and Fgr. It has previously been shown that the total varia-
tion of a PCA on allele frequencies is equivalent to Fgr
(Goudet 1999; McVean 2009). In an RDA, we can therefore
multiply the percentage of constrained variation by the
overall value of Fgr to obtain the percentage of the total
genetic variation that is explained by the spatial variables
(for calculations, see the R script in the Supporting infor-
mation). For the simulated data, we see that this approach
does yield the expected pattern: the greatest fraction of
spatially bound variation is observed at intermediate
migration rates (Fig. 2). An RDA is very flexible and can-
not only be used with spatial variables as explanatory vari-
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ables, but also with environmental or other types of data.
By specifying variance components (or even individual
RDA axes) in terms of Fg, RDA can be used to assess the
relative importance of IBA and IBD on the total genetic
variance rather than only the among-population variance.

Forgetting that only a small portion of the genome will be
associated with climate

In a large genomewide association study (GWAS), Four-
nier-Level et al. (2011) tested for climatic adaptation in
Arabidopsis thaliana using a set of 213 248 SNDPs. After
applying a set of criteria to avoid false positives, they
presented a list of only four SNPs that were associated
with fitness in field conditions. At only 0.002% of all
genotyped SNPs, this number is low, but not surprisingly
so. After all, even small genomes such as that of A. thali-
ana are pretty big, most of the genome is nonfunctional,
and the functional regions mostly have little to do with
climatic adaptation. In addition, there is the problem of
missing heritability (Yang et al. 2010): even studies that
genotype thousands of individuals at large numbers of
SNPs generally uncover only a small proportion of the
heritable variation in a trait. For example, the full model
of Fournier-Level et al. (2011) only explained 9-24% of the
variation in survival, which they called ‘a substantial
amount’. Therefore, the 0.002% of SNPs that they found
to be involved in climate adaptation seems to be in the
correct order of magnitude.

Most studies that look for GEA do not employ the com-
mon garden approach that makes the GWAS study of Four-
nier-Level et al. (2011) so powerful. Such studies do not have
the sampling scope, nor the genomic tools that were used in
the Arabidopsis study. Given that the probability of finding
loci under selection is quite low, most GEA tests are unlikely
to uncover any genes at all that are directly under selection
(Tiffin & Ross-Ibarra 2014). However, this is not what we see
in studies that use GEA tests: it is not uncommon for AFLP
or RAD tag studies to find that around 5% of the markers
are putatively under environmental selection (unsurpris-
ingly, close to the used alpha level to assess significance).
Are we then to believe that 5% of randomly sampled varia-
tion across the genome, which is largely nonfunctional, is
showing adaptation for exactly the climatic variables that
the authors are studying? I find that hard to swallow as ge-
nomewide association studies, which are much more power-
ful than genome scans, usually only find a handful of genes.

Often, there are alternative explanations that are more
parsimonious than assuming selection. First, there are
ample ways in which a GEA analysis may have been
biased. As the actual occurrence of climate-linked loci in
the genome will be orders of magnitude lower than the
standard alpha level of 0.05, a high rate of false positives is
expected. Assume, for example, that the analysis of Four-
nier-Level et al. (2011) has been extremely conservative and
that they picked out only 1% of the actual climate-related
SNPs in their data set. In such a case, the actual frequency

of true positives would still be only 0.2%. In contrast, the
probability of getting a false positive is 5%: 25 times as
high. Reducing the type I error through adjustment of the
alpha level or correction for multiple testing may help to
a degree, but at the cost of inflating the type II errors.
Additional false positives may arise from the presence of
hierarchical population structure (Excoffier et al. 2009) and
IBD (Meirmans 2012a). Furthermore, many other factors,
such as incorrect sampling (Lotterhos & Whitlock 2015),
may lead to similar biases, although there is surprisingly
little theoretically exploration of this. Second, it is possible
that associations among environmental variables and
genetic variation arise without invoking environmental
adaptation. Under the coupling hypothesis (Bierne et al.
2011), genomic incompatibilities may cause tension zones,
whose location can move due to stochasticity. Over time,
such tension zones have the tendency to become coinci-
dent with ecological barriers, leading to a statistical asso-
ciation between the ecological factors and the involved
genomic regions. This process is much more likely to lead
to the detection of GEA as they concern much larger
genomic regions (Bierne ef al. 2011) and are therefore
much more likely to pop up when only a limited number
of loci are sampled.

What to do. Use a method that avoids bias stemming from
confounding factors (e.g. Excoffier et al. 2009; Frichot et al.
2013; Giinther & Coop 2013). The use of multiple methods
concurrently may help you to select the loci that show the
most robust pattern; be careful, however, that different
methods may be sensitive to similar biases. The power of
several of these methods has been shown to largely depend
on the sampling strategy (Lotterhos & Whitlock 2015), so a
good sampling strategy will help to uncover the actual genes
under selection and reduce false positives. However, for the
reasons outlined above, it is nearly impossible to completely
avoid false positives. Perhaps it is more fruitful to change
the way we approach these questions. From an ecological
viewpoint, it is often of more interest to study the processes
that lead to the adaptation to the local climate, than to pin-
point the actual loci. This is especially the case when using
anonymous markers such as AFLPs or RAD tags or when
studying species for which very little genome annotation is
available. Instead of asking ‘Which loci are involved in cli-
mate adaptation?” we should rather ask ‘Which environmen-
tal variables are most important in explaining the
distribution of genetic variation?’. Analyses of GEA can
therefore be better answered by testing the overall effects of
climatic variables, rather than carrying out a separate test
for every gene. This immediately solves the problem of
reduced power as researchers often have good a priori
hypotheses of which climatic variables may affect their spe-
cies and there are usually much less climatic variables than
there are genes, leading to less testing and less need for cor-
rection. As in the estimation of the spatial component of the
genetic variation, an RDA can be used very effectively to
estimate the genetic variance components associated with

© 2015 John Wiley & Sons Ltd
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Fig. 3 Using redundancy analysis (RDA) to decompose the
among-population variation of 120 African populations of
humans (data from Tishkoff et al. 2009) into spatial, climatic and
cultural components. The grey circle illustrates the total among-
population variation, the three coloured circles the variation
explained by the three explanatory matrices and their overlap
the fraction of shared variation. The high fraction of unex-
plained variation is probably due to genetic drift within popula-
tions, which does not lead to any statistical association with the
explanatory variables. Given an overall Fsr of 0.015, the 16.2% of
explained variation is equivalent to an Fsr of 0.0024, illustrating
(as expected) that very little of the total genetic variation in
humans is associated with any of the explanatory variables. See
the Supporting information for more information regarding the
data analysis and for the used R script.

different sets of climatic variables and their degree of over-
lap (Orsini ef al. 2012; Wang et al. 2012). Figure 3 illustrates
this approach using data from humans from 120 African
populations (Tishkoff et al. 2009). It shows that culture—lan-
guage and subsistence mode—explains slightly more of the
genetic variation among populations (3.0%) than climate
(2.2%), after correction for the influence of spatial processes.
However, most of the explained variance is shared among
the three sets of explanatory variables.

Conclusions

When looking at the above advice on how to avoid those
seven common mistakes, there is one main message that
stands out: for all genotyping experiments, researchers
need to consider the experimental design and appropriate
analyses prior to execution. This means that there should
be a well-designed sampling strategy that is balanced, pre-
vents pseudoreplication and accounts for possible con-
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founding factors. Furthermore, as in any experiment,
proper randomization should be employed during geno-
typing to prevent bias.

When analysing the data, it should be clear what part of
the analysis consist of testing a priori hypotheses, and which
parts are more of an exploratory nature. Exploratory analy-
ses are an important part of population genetics, as every
species has an idiosyncratic pattern in the distribution of its
genetic variation. This is due to the uniqueness of its demo-
graphic history and the stochasticity inherent in the genea-
logical processes. Therefore, it is often hard to formulate
specific a priori hypotheses, as those would require detailed
information about these unknown demographic processes.
When testing a priori hypotheses, these should be specified
clearly, based on explicit ecological or evolutionary theories
or on independent data, not on results of exploratory analy-
ses of the same data.

When interpreting the results, it is important to focus
more on biological relevance than on statistical signifi-
cance. That does not mean that significance is unimpor-
tant; results that have a straightforward interpretation but
are not significant should not be considered. On the other
hand, one should not be blinded by results that are
strongly significant. In the genomics era, with thousands
upon thousands of loci, strong significance is easily
obtained even for biologically marginal processes. For
example, I have shown here that a high value of Mantel’s
r can be strongly significant but may be biologically irrele-
vant, as it explains only a very small proportion of the
total genetic variation and says little about dispersal limita-
tions. This reflects the results of Puebla et al. (2012), who
noted that very limited dispersal may actually result in
nonsignificant Mantel tests. Furthermore, researchers
should be more aware of the limitations of their analyses
and the resulting uncertainties in the outcome. As estimat-
ing the correct number of clusters k is difficult, it is wise
to consider other values as well that have strong support.
When tests for genotype-by-environment associations are
known to lead to high amounts of false positives (Lotter-
hos & Whitlock 2014), one should not accept the results at
face value, especially when an unrealistically high number
of selected loci are returned. The inclusion of ever-increas-
ing numbers of loci in genotyping studies also means that
we will have to step away from methods that were
designed for single loci and move towards analyses that
take linkage between thousands of loci into account (Law-
son et al. 2012).

All in all, modern genomic tools present an enormous
opportunity for the field of molecular ecology, potentially
enabling deeper insights into the relationships between
genes and ecology than has hitherto been possible. This
study has shown, however, that the analysis and inter-
pretation of modern genomic data sets require greater
care than they have often received so far. Statistics can
be powerful tools for scientific inferences, but, as
with any tool, they should be applied correctly and
responsibly.
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