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A computer program to simulate multilocus genotype data with
spatially auto-correlated allele frequencies

Gilles Guillot*and Filipe Santos'
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Abstract
Many models for inference of population genetics parameters are based on the assumption
that the data set at hand consists of groups displaying within-group Hardy-Weinberg equilibrium
at individual loci and linkage equilibrium between loci. This assumption is commonly violated
by the presence of within-group spatial structure arising from non-random mating of individuals

due to isolation by distance (IBD).

This paper proposes a model and simulation method implemented in a computer program
to flexibly simulate data displaying such patterns. The program permits displaying of smooth
spatial variations of allele frequencies due to IBD and more abrupt variations due to presence of
strong barriers to gene flow. It is useful in assessing performance of various statistical inference
methods and in designing spatial sampling schemes. This is shown by a simulation study aimed

at assessing the extent to which IBD patterns affects accuracy of cluster inferences performed in
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models assuming panmixia. The program is also used to study the effects of spatial sampling
scheme (e.g. sampling individuals in clumps or uniformly across the spatial domain). The
accuracy of such inferences is assessed in terms of number of inferred populations, assignment
of individuals to populations and location of borders between populations. The effect of spatial
sampling was weak while the effect of IBD may be substantial, leading to the inference of spurious
populations, especially when IBD was strong with respect to the size of the sampling domain.
The model and program are new and have been embedded in the R package Geneland, for user
convenience and compliance with existing data formats.

See: folk.uio.no/gillesg/Geneland/Geneland.html.

More on simulation study: folk.uio.no/gillesg/MER
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1 Background

Panmictic reproduction is a necessary condition for Hardy-Weinberg equilibrium and linkage
equilibrium (HWLE) to arise when studying organisms over a large spatial area. When the sam-
pling scale within a continuous population is large compared to the dispersal capability of the
species, it is less likely that mixing will occur between individuals that are situated further apart
than among those that are separated by short distances (Wright, 1943; Rousset, 1997, 2000).
This leads to a departure from HWE but also from LE (Epperson, 1995; Ostrowski et al., 2006).
Hence, even for organisms where the assumption of random mating is reasonable on a local scale,
these assumptions become more questionable as the spatial scale of the study domain increases.
If a data set displaying this type of pattern is analyzed with a model assuming HWE and LE
within groups, it can be expected that the departure from these assumptions will result in various
biases. For instance, when using clustering software such as Structure (Pritchard et al., 2000)
or Geneland (Guillot et al., 2005), the presence of IBD may lead to the algorithms splitting the
data set into several groups in such a way that HWE and LE will be approximately fulfilled,
even though none of the inferred groups correspond to genuine HWLE groups. This bias might
be expected to be stronger particularly in the case of spatially irregular sampled data set (i.e.
spatially-clumped sampling sites), a common practice in molecular ecology studies. Potential
problems due to IBD are not specific to models based on spatial data and are likely to happen
with any clustering model assuming HWLE within populations, see (Pritchard et al., 2000; Falush

et al., 2003; Serre and Péadbo, 2004; Rosenberg et al., 2005).
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The aim of this paper is first to describe a statistical model for simulation of population
genetics data displaying spatial auto-correlation of allele frequencies as it arises in case of IBD.
This will be followed by an illustration of the usefulness of this program by assessing the effect of
IBD patterns on the accuracy of two clustering algorithms (spatial and non-spatial) that assume

within-group HWLE.

2 A statistical model for simulation of spatially structured IBD
populations

2.1 Overview of proposed model

The goal of this model is to mimic the features of allele frequencies and genotypes of data sets
displaying a structure arising from the presence of IBD and barriers to gene flow. This model
brings together the notions of cline of allele frequencies and of spatially-structured population

domains following Wasser et al. (2004) and Guillot et al. (2005) respectively.

It is assumed that the overall population under study consists of several groups separated by
barriers to gene flow. These barriers can be known, visible, landscape features such as rivers,
roads or urban areas which have quantifiable effects, see (Coulon et al., 2006), or less obvious
barriers such as those induced by climate conditions (Stenseth et al., 2004). In any case, it makes
sense to assume that these barriers can be represented by rather simple shapes. This has been
accounted for by assuming that each group belongs to a spatial domain with boundaries that can

be represented by a small number of polygonal-shaped areas. See (Guillot et al., 2005) for details
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and graphical examples.

Now, in contrast with a common assumption made by most population genetic clustering
software, it is assumed here that, because of isolation by distance, there is a departure from
HWLE within each group defined by such boundaries. Consider two individuals belonging to
the same group and sampled at sites s and s’ respectively. Under HWLE, it is assumed that the
genotypes at a given bi-allelic locus for these individuals have been sampled from the same allele
frequency f. Our model assumes that this allele frequency varies across space and hence, that the
genotypes have been sampled from frequencies f(s) and f(s") respectively, are different, though

correlated. Frequencies are therefore modeled as correlated random variables varying across space.

In statistical terms, this IBD model assumes that allele frequencies are spatially auto-correlated
random functions. Their spatial variability can be described through the so-called covariance
function defined as a function of two spatial coordinates C(s,s") = Cov[f(s), f(s')]. The pro-
posed program offers a wide range of possibilities for the form of this covariance function.

2.2 Formal statistical modeling

Throughout this paper, the spatial domain under study is considered to be occupied by K pop-
ulations. Defining what is meant by populations and their spatial boundaries is one of the goals

of this section. It is assumed that there have been observations of n individuals, located at sites

$1,...8p, with genotypes at L loci zy, ..., 2,, where z; = (zll.’l,zll-’z), [ =1,...,L, the exponents [, 1

and [, 2 referring to the allele 1 and 2 harbored by a diploid individual at locus .



89

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

To begin with, it is assumed that the number of populations present in the domain is one
only (K = 1). A model has been introduced parameterizing spatial patterns of genotypes. For
the sake of clarity, start with genotypes at a single bi-allelic locus and denote possibly observed
genotypes by {a,a},{a, A} and {4, A}. The kind of spatial patterns observed under IBD is
typically that of Fig. 1, where an obvious trend occurs from left to right both in term of allele

frequencies and proportion of homozygous {a,a}.

If one computes local empirical allele frequencies (e.g. by computing frequencies of allele a,
denoted by f(s) within the circle of a small radius r centered at site s for various s), there is
a tendency to observe smooth increases of f(s) from left to right (Fig. 1 top). One could also
check (by any appropriate statistical test) that the allele a around site s has been drawn with
probability f(s) and allele A with probability 1 — f(s). Further, one could also check that geno-
types {a,a},{a, A} and {A, A} occur with probabilities f2(s), 2f(s)(1 — f(s)) and (1 — f(s))?
respectively. In other words, in the simulated data set presented in Fig. 1 , around any site s,
there is a ’local’ population whose genes a and A are present in proportions f(s) and 1 — f(s)

respectively, and this local population is at HWE.

The previous remarks actually describe how the data set in Fig. 1 has been simulated: two
surfaces f4(s) and f,(s) where built in such a way that they were random, add up to one at any

site and display some spatial auto-correlation in such a way that they mimic variations in space



110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

of local allele frequencies which could be observed under IBD. The surfacef,(s) is displayed in
Fig. 1 (top). Then at 200 random sites, the genotypes of individuals were drawn according to

the local frequencies f4(s) and f,(s), and obtaining the genotypes given at Fig. 1.

This model of spatial variations is now defined more formally for the field of allele frequencies.
Work continues with only one population but now in a more general setting with L independent
loci with any arbitrary number of alleles J; at each locus [. It is assumed that at any site s,
allele j at locus [ is present in proportion fi;(s). It is also assumed that for each locus [, the
set of J; surfaces f1(s), ..., fi7,(s) was obtained by transformation of some hypothetical random
surfaces g;1(s), ..., gs,(s) such that (i) the random variables g;;(s) have Normal(0, 1) distribution,
(ii) at any site s, and any [ = 1, ..., L, the variables (g;;)j=1,...5,(s), are mutually independent,
(ili) at any pair of sites (s, s") the random variables (g;;(s), g1;(s")) have a correlation equal to one
whenever s = s’ and decreasing with the distance between s and s’. These surfaces are random

but they mimic variations in space of local allele frequencies which could be observed under IBD.

More specifically, it is assumed that the set of surfaces g;;(s), are mutually independent Gaus-

sian random fields (Adler, 1984). The g;;(s) surfaces are not necessarily above zero, nor do they
J

fulfill Zglj(s) = 1. Thus, with a positive real parameter «, the g;; values are transformed
J

into point-wise Gamma(1,«) distributed random surfaces and then re-normalized so as to acquire

values summing up to one at each site and for each locus. The resulting surfaces f;(s) are now

positive and sum up to one at any site s and could then be interpreted as local allele frequencies
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for some locus.

Note that re-normalization of the independent Gamma distributed random surfaces results in
surfaces with Dirichlet distribution at any site. Because it is assumed that no statistical linkage
exists between loci, the variations of allele frequencies for each locus across space can be described

by a set of such random fields (fi1(s), ..., fis(s)) for any locus [ with independence across loci.

The interest of Gaussian random fields lies in the fact that their spatial variations can be flexi-
bly and parsimoniously parametrized through their covariance function (Chiles and Delfiner, 1999;
Lantuéjoul, 2002). This function for a random field g(s) is defined as C(s,s") = Cov[g(s), g(s")].
If the quality of being stationary is assumed (namely invariance under spatial translation of
statistical distributions), then C(s,s’) actually depends only on the lag s — s’ (length and di-
rection). If isotropy is assumed (no directional effect), C(s,s’) eventually depends only on the
length |s — s’|. Many suitable parametric functions C' have been introduced in the geostatistical
literature to describe observed variations of environmental variables (and also to comply with a
mathematical requirement known as positive-definiteness). Detailed lists of such function can be

found in (Wackernagel, 1995) or (Schlather, 1999).

In the present work, it is assumed that all Gaussian fields involved have the covariance function

sometimes referred to as the stable model and defined by
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C(s,s") = exp(—(|s = s'|/8)7) (1)

The parameter 3 prescribes the rate at which C(s,s’) decreases as |s — §| increases, while
~ describes the behavior of C' at small lags, hence the smoothness of the underlying process.
See (Lantuéjoul, 2002) for illuminating graphical examples. This model shares some features
with that of Wasser et al. (2004). However, our model departs from the latter in the following
way: the Gaussian fields are transformed into Gamma distributed random variables, resulting in
Dirichlet distributed vectors of frequencies. This model thus generalizes the classical non-spatial
Dirichlet assumption for allele frequencies into a spatial context. Thus, this model is locally in
good agreement with the Wright-Fisher theory, see (Tavaré and Zeitouni, 2001), and potentially

so with real data.

The parameter v prescribes the regularity properties of the realizations of the random field.
Although a detailed analysis of the meaning and implications of this parameter has yet to be
carried out, it corresponds to subtle local properties of the variations of allele frequencies across

space and can be set to a fixed value as an initial benchmark.

The fixed value v=1.5 is set everywhere in the simulations reported below. The value 1.5
is a trade-off between the classical exponential model (7 = 1) with very irregular realizations
and the so-called Gaussian model (y = 2) with excessively regular realizations. In this case,

the transformation of ¢ values into Gamma(1,«) distributed values generates Dirichlet(c,...,a)
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distribution for allele frequencies. Although simulations with any arbitrary values for « are
possible, for the sake of simplicity we set it to 1 in our simulations . These parameter values
approximate real data where something close to HWE is expected locally (on a small scale) and

smooth variations of allele frequencies are observed on a larger scale.

[Figure 1 about here.]

In addition to IBD leading to smooth spatial variation of allele frequencies, groups of individ-
uals may also be genetically isolated by barriers to gene flow (i.e. environmental features such as
mountains, rivers, roads, deforested areas), leading to abrupt change in allele frequencies. These
will be hereafter considered as spatial borders between populations. Because one major aim of
landscape genetic analysis is to identify and locate spatially such borders, this paper will now

consider a model accounting for both IBD and barriers to gene flow.

For the modeling of the spatial repartition of IBD populations, a model is used that was
previously introduced in population genetics by Guillot et al. (2005) who parameterized barriers
to dispersal as borders of polygonal regions. More precisely, Guillot et al. (2005) it is assumed
that there is a hidden Poisson process generating a set of Voronoi polygons with mutually in-
dependent population membership. The union of polygons with the same color forms a spatial
domain standing for the domain of one population. See Guillot et al. (2005) for more details and

illustrating examples.
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We now embed the smooth variation in allele frequencies typical of IBD continuous popula-
tions within Guillot et al.’s (2005) model of polygonal territories. It is assumed that K IBD
populations are spread over the spatial domain. The respective territories of these populations
are unions of some Voronoi polygons induced by a hidden Poisson process, while each of popu-
lation k has allele frequencies varying smoothly as described previously. Since the independence
of allele frequencies between different populations is assumed, the surface of allele frequencies
displays discontinuities along their borders as shown on Fig. 2.See supplementary material and

program documentation for further details.

[Figure 2 about here.]

3 Simulation study

3.1 Overview of simulation study

The model presented above is used to assess the extent to which the presence of IBD patterns
affects inference of boundaries between groups in clustering models assuming HWLE. The accu-
racy of inferences is assessed in terms of number of groups and individual memberships to these
groups. Inferences were carried out with Geneland under the uncorrelated frequency model and
using the spatial option and the non-spatial option. Although the goal is to report results that
are related to models rather than to software, it is worth mentioning that the non-spatial model
of Geneland assumes a non-structured prior probability distribution for the individual popula-
tion memberships. Hence, it is similar to the model implemented in all non-spatial Bayesian

programs such as Structure (Pritchard et al., 2000), Partition (Dawson and Belkhir, 2001) or the

11
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non-spatial version of BAPS (Corander et al., 2003).

In the assessment of performance of the spatial algorithm, inferences were also carried out
on data sets where the individuals are spatially collected at a small number of bunches across
space. In this case, the center of bunches are sampled uniformly and independently on [0, 1] x
[0,1] and the individuals within each bunch are sampled from a centered bi-variate Gaussian
distribution with a standard deviation of 0.01 (see supplementary material and figure 3 therein for
details and examples). For each simulation condition, 500 independent simulation replicates were
performed with spatially-regular sampling along with 500 simulation replicates with spatially-
irregular sampling.

3.2 Detail on simulated data-sets.

All the simulations described hereafter, except those for graphic examples, are located on a
squared domain of dimension [0, 1] x [0, 1]. Unless otherwise specified, the genotypes are simulated
for 200 individuals at 10 loci with 10 alleles per locus. This corresponds to most commonly-
published empirical microsatellite datasets. The individuals are located either regularly (sampled
uniformly and independently on [0, 1] x [0, 1]) or as 10 bunches of 20 individuals. In this case, the
center of bunches are sampled uniformly and independently on [0, 1] x [0, 1] and the individuals
within each bunch are sampled from a centred bi-variate Gaussian distribution with a standard
deviation of 0.01 (Fig. 3). For each simulation condition, a set of 500 simulation replicates was
drawn with spatially-regular sampling along with a set of 500 simulation replicates with spatially-
irregular sampling.

12
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[Figure 3 about here.]

Unless otherwise specified, the number of populations K is drawn from a uniform distribution
on {1,2,3,4}. Because the aim here is to study spatially structured data, there is a simulation
of data sets where the number of polygons m in the hidden tessellation giving the population

membership is sampled from a uniform distribution on {1, ...,15}.

It is important to note that in both the regular and irregular spatial sampling designs the
number of individuals per population is random, since the number depends on the spatial location
of borders between populations. In addition, the total number of individuals sampled is set to
200 whatever the value of K. These two features make this simulation scheme more realistic than
the one previously used in Guillot et al. (2005) where the total number of simulated individuals

was proportional to the number of populations.

As a reference data-set, simulations are drawn from the model where the groups are pan-
mictic. The allele frequencies are sampled from independent Dirichlet D(1,...,1) distributions.
By processing in this way, population genetic differentiation as measured by pairwise Fgr (Weir
and Cockerham 1984) has approximately a symmetric empirical distribution with quartiles values
equal to 0.04 and 0.16, respectively and a mode of 0.095. Hence, it spans a broad range of Fyr

values from weak to marked levels of genetic differentiation.

13
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Files from the model were simulated where the groups display IBD patterns. The scale pa-
rameter (3 controlling the intensity of IBD was sampled from a uniform distribution in [0, 5].
Another set of files with K = 2 for all files was also analyzed to test whether accuracy increased
with the level of genetic differentiation within and among populations. The parameter 8 governs
the rate at which the correlation between allele frequencies decreases with distance and can be
considered as a distance beyond which the correlations between allele frequencies become weak

(see discussion section on how [ could be roughly estimated in practice).

In order to relate § to more meaningful measures in population genetics, a statistic was in-
troduced that quantifies the level of genetic differentiation between pairs of individuals located
within a certain distance. Such a statistic already exists (i.e. the statistic a, introduced by
Rousset (1997)). However, being based on allele identity, it has a large variance. Since these
simulations involve the intermediate simulation of allele frequencies at any site of the study do-
main, a new statistic is proposed here based on local allele frequencies, according to the following

formula:

D 2;;erslj—fsfljr @
J

5,8’

0<d(s,s’)<e

where fg; denotes the allele frequency of allele j at locus [ at site s, d(s,s’) denotes the
geographical distance between sites s and s, € is a small arbitrary distance (set to 0.1 in com-
putations on the unit square) and n. denotes the number of pairs of distinct sampled sites such
that d(s,s’) < e. This statistic can be computed either for pairs of individuals located in the

14
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same population or for pairs of individuals located in different populations. This leads either to
a statistic of local differentiation within populations (Dyy) or a statistic of local differentiation
between populations across the population borders (Dpg). The inverse of Dy, relates closely to

the scale parameter (3, as can be seen from Fig. 4 (middle panel).

The statistic Dp can be viewed as a local statistic in the sense that it involves pairs of indi-
viduals whose mutual distance is small with respect to the size of the domain. This is preferable
to a more traditional measure of pairwise population differentiation such as Fy (Weir and Cock-
erham, 1984) because the latter measure is not spatially explicit as the computation is based on
individuals located all over the population domain, regardless of their spatial coordinates. Fy
therefore tends to be low in the presence of IBD as soon as the sampled area becomes large
enough with respect to the scale of variation of allele frequencies. This is illustrated on the left
panel of Fig. 4 which shows that Fg values decrease considerably when the strength of IBD
increases (i.e. when (3 values decrease). In contrast, the right panel of Fig. 4 shows that there
is no dependence between the scale parameter 5 and the between-population differentiation Dp,
as could be expected since the allele frequencies are sampled independently across populations
in this model. This property makes Dp a more suitable statistic than Fg in quantifying the

intensity (or lack of permeability) of a barrier to gene flow between two IBD populations.

[Figure 4 about here.]
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3.3 Detail on method for inference

For each simulated data-set, both the number of populations K and the population memberships
for each individual were inferred using the spatial algorithm implemented in Geneland. Although
these simulations display a relatively simple spatial organization (populations simulated had spa-
tial domains delimited by the same number m of polygons m = 15), this information was not
used and the maximum rate of the Poisson process was set to A4, = 50, which amounts to the

assumption of a complex spatial organization.

Inference on all data-sets was also carried out using a non-spatial model. In this option of
Geneland, the spatial coordinates are not used and the inference on K and population member-
ships is carried out on the basis of individual genotypes only. This makes the fixed K component
of this inference algorithm similar to that of the software Structure (Pritchard et al., 2000) with
the no-admixture, uncorrelated frequencies and fixed alpha options. Note that in this setting,

the determination of the spatial location of borders between populations is not possible.

MCMC computations include 50000 iterations with a burn-in of 25000 iterations and a thin-
ning of 50 iterations. The minimum and maximum numbers of populations considered in the
first run were K,,;n=1 and K,4,=10, respectively. Using larger values of K4, did not affect

the result of the inferences (results not shown).

The accuracy in the inference of K was assessed by computing the proportions of runs for

16
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which K # K and K > K, respectively. The accuracy in terms of inference of population

membership is assessed through the error rate in co-assignment defined as:

ERCA = 7 — 1 W 1)/2 - Z (w55} (3)

where x;; (resp. Z;;) is the true (resp. estimated) clustering matrix (i.e. z;; = 1 whenever
individuals 7 and j belong to the same population, 0 otherwise.) This computes the proportion of
pairs of individuals belonging to the same population that were not correctly co-assigned by the
inference algorithm. It has the advantage over a statistic referring to single individuals in that it
is insensitive to the labeling of populations. ERCA can be computed either for assessing whether
individuals are correctly assigned to their population (i.e. individual population membership)
or for assessing whether borders between populations are correctly located (i.e. pixel population
membership). In the later case, numerical computations are processed using the 50x50 pixels
produced when discretizing the spatial domains. The statistic for individual assignment and
border location are thereafter referred to as ERCA; and ERCAp, respectively. Both ERCA
statistics range between 0 and 1. The manner by which a particular value of ERCA should
be interpreted actually depends on the true and inferred numbers of population since the value
particularly tends to be lower for large K than for small K. Hence, ERCA values will not be

interpreted as absolute values but will be used for comparing various simulation scenarios.
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4 Results and discussion

4.1 Sensitivity of clustering algorithms to spatial sampling scheme

In the absence of IBD patterns, the use of data where individuals are spatially sampled in an irreg-
ular way does not significantly affect the accuracy of inferences in terms of number of populations

and assignment of individuals (see Table 1).

[Table 1 about here.]

The use of irregular spatial sampling entails a decrease of the accuracy for the exact spatial
location of the borders between populations (ERCAyp increases from 4.97 to 20.7 for an irregular
spatial sampling). Additional simulations indicate that, at first sight, the use of more irregular
samples (e.g. 5 bunches of 40 individuals) significantly decreases the accuracy of inferences on
K, which appears to be underestimated (results not shown), simply because with such data sets
some genuine populations are simply not present. Even in this case, the algorithm still remains
reliable in terms of estimating the number of populations actually sampled as well as in terms of
individual assignment in the populations present in the sample, while giving maps with a poor
resolution (see supplementary material).

4.2 Sensitivity of clustering algorithms to IBD patterns

IBD had a clear effect, strongly decreasing the accuracy of inferences of the number of popu-
lations, the individual population memberships and the spatial localization of borders between
populations. For 72.2% of runs, the true K is still properly estimated but there are 27.4% of

runs where K is over-estimated while under-estimation ocurs very seldomly (0.4% with spatially
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regularly-sampled data and never with spatially irregularly-sampled data). Hence, the effect of
IBD on inference is globally substantial. The sampling design (spatially regular or irregular) does

not seem to influence strongly this result.

As long as the strength of IBD remains weak, the algorithm seeking HWLE populations per-
forms well (low error on K and ERCA, see supplementary material), whereas beyond a value of
G around 2, the algorithm starts to be perturbed. This occurs always as an over-estimation of
K which is consistent with the underlying assumptions of the algorithm: it seeks populations at
HWE and LE and hence tends to split some populations into sub-populations if this condition is

not fulfilled.

IBD also tends to bring about spurious populations (and spurious borders between them) even
in case of use of spatially regular sampling. This result raises an important question when faced
with inferred structures from a real data set where the presence of IBD is suspected: Are the
inferred structures genuine or artifacts of the algorithm? Ideally, one would know the value of g3
or else know the value of population density and dispersal parameters that govern the magnitude

of IBD, and check whether these values correspond to a safe situation (IBD of limited magnitude).

In practice, these parameters are unknown and estimating them is a challenging statistical
issue in cases where variations of allele frequencies across space result from both the effect of

distance (IBD, hence smooth variations) and the effect of barriers (very limited gene flow, hence
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more abrupt variations). This is the case considered here and it is believed to be commonly
encountered in practice. In this case, identifiability issues (cline being wrongly interpreted as

effect of barriers or vice-versa) can be expected.

In the case where IBD is suspected and the presence of several groups has been inferred, an
ad-hoc but informative method has been proposed and implemented by Fontaine et al. (2007). It
consists in plotting genetic distances against spatial distances and labeling each pair (by a color)
depending on whether individuals in each pair belong to the same inferred group or to different
groups. This method can reveal whether the differentiation encountered is due to distance only
or to other factors not related to distance. However, this method does not permit the inference
of any of the above-mentioned parameters. This stresses the need for new inference tools in this
context.

4.3 Directions for future research

Within each barrier-defined group, this model complies with more traditional biologically explicit
IBD models and also with empirical observations in the sense that (i) allele frequencies display
spatial auto-correlation (Hardy and Wekemans, 1999; Wagner et al., 2005), (ii) the variations
in allele frequencies create an excess of homozygous, compared to the expected proportion under
HWE, and (iii) the variations in allele frequencies also create identity disequilibrium ( as shown

e.g. by Epperson (1995)).

In biologically explicit IBD models such as the classical stepping stone model, the spatial
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variability of allele frequencies depend on local population density, dispersal, as well as past
population history. In this model, this is parametrized through the covariance function of the
allele frequencies. This function depends on three parameters: a variance parameter «, a scale
parameter § and a smoothness parameter 7. See supplementary material and (Schlather, 1999)

or (Lantuéjoul, 2002) for details.

It is expected that the variance parameter relates to allele diversity, the scale parameter
relates to population density and dispersal and the smoothness parameter can be viewed as a
nuisance parameter (as implicitly done by Wasser et al. (2004)). It could also be related to local
landscape properties such as friction. There is a clear need of further work to relate these three

statistical parameters in a precise quantitative manner to biological parameters.

However, the simulation program described in the present paper should be still useful in
helping in the design of spatial sampling or in assessing the effect of IBD on different inference
problems in cases where the accuracy of results do not depend on the choice of parameters (as
in the case in this study of the effect of the spatial sampling scheme), or in the case, considered

by Novembre and Stephens (2008), where only a qualitative assessment is required.
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Figure 1: Top: Simulated frequencies and genotypes in a continuous population under moderate
IBD. Bottom: Simulated genotypes {A,A}, {a,A} and {a,a} are represented by blue circles, green
triangles and red squares, respectively. Scale parameter 8 = 2, smoothing parameter v = 1.5.
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Figure 2: Simulated example of allele frequencies surfaces for two IBD populations. Top panel:
spatial domains, middle: weak IBD (5=4), bottom: strong IBD (5=0.5).
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Figure 3: Examples of spatially-irregular sampling pattern with ten bunches of 20 individuals.
The center of bunches are sampled uniformly and independently on [0, 1] x[0, 1] and the individuals
within each bunch are sampled from a centered independent bi-variate Gaussian distribution with
a standard deviation of 0.01
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Figure 4: IBD model with two populations: relationships between the scale parameter 5 and Fy
or the measure of local differentiation within populations (Dy/) and between population (Dp).
Each dot corresponds to one of the 500 simulated data-sets.
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Yorsk Sr-xk BERCAi ERCAp
Panmicitic data - Regular spatial sampling

spatial inference 0.6 0 1.91 4.97
non spat. inf. 10.4 8.8 3.49 -
Panmicitic data - Irregular spatial sampling
spatial inference 1 0.4 1.49 20.7
IBD data - Regular spatial sampling

spatial inference 27.8 27.4 12.6 154
non spat. inf. 38.2 37 15.2 -
IBD data - Irregular spatial sampling

spatial inference 28.4 284 12.7 27.5

Table 1: Accuracy in terms of inference on number of groups K (percentage of runs where
K # K and where K > K), and in terms of individual assignment (ERCA;) and location
of borders between populations (ERCAp). K denotes estimated K. ERCA denotes Error
Rate in Co-Assignments (proportion of pairs of individuals not correctly co-assigned) which can
be computed for sampled individuals (ERCA;) or for pixels of the domain (ERCAp). Data
simulated for 200 individuals at 10 loci. Each number obtained from 500 independent data-sets.
See supplementary material for details.
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