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Abstract

Identifying population structure is one of the most common and important objectives of spa-

tial analyses using population genetic data. Population structure is detected either by reject-

ing the null hypothesis of a homogenous distribution of genetic variation, or by estimating

low migration rates. Issues arise with most current population genetic inference methods

when the genetic divergence is low among putative populations. Low levels of genetic diver-

gence may be as a result of either high ongoing migration or historic high migration but no

current, ongoing migration. We direct attention to recent developments in the use of the

tempo-spatial distribution of closely related individuals to detect population structure or esti-

mate current migration rates. These ‘kinship-based’ approaches complement more traditional

population-based genetic inference methods by providing a means to detect population

structure and estimate current migration rates when genetic divergence is low. However, for

kinship-based methods to become widely adopted, formal estimation procedures applicable

to a range of species life histories are needed.

Keywords: coalescent, population genetics, Population structure, relatedness, Wright’s FST

Received 10 January 2010; revision received 23 April 2010, 4 May 2010; accepted 5 May 2010

Introduction

Identifying population structure is one of the most com-

mon and important objectives of spatial analyses using

population genetic data (Waples & Gaggiotti 2006). Inter-

ests in detecting population structure are many and

diverse, such as understanding processes of local adapta-

tion, effects of habitat fragmentation as well as delineat-

ing management units (MUs) (Hauser & Carvalho 2008).

Although there currently is no single generally appli-

cable definition of what constitutes a population (Waples

& Gaggiotti 2006), the absence of such a definition has

not prevented the application of population genetic infer-

ence methods to identify population structure. Two dif-

ferent general approaches are employed to identify

population structure: (i) the detection of discernable

groupings of conspecifics (e.g., as a ‘distinct population

segment’ under the US Endangered Species Act, Brosi &

Biber 2009), or (ii) from estimation of (reduced) migration

rates among putative populations.

In the first instance, the ‘statistical’ criterion is used to

identify populations, essentially following the opera-

tional criterion for MUs originally proposed by Moritz

(1994). Moritz defined populations as having ‘…signifi-

cantly different allele frequencies.’ (Moritz 1994), imply-

ing that the probability of drawing the observed samples

from the same allele frequency distribution is <0.05

(Waples & Gaggiotti 2006; Palsbøll et al. 2007; Brosi &

Biber 2009; Morin et al. 2009). The use of the statistical

criterion has attracted criticism because of the fact that

the statistical power to detect populations structure is, in

part, a function of the amount of data and thus correlated

to the number of loci and individuals analysed (Waples

& Gaggiotti 2006; Fallon 2007; Palsbøll et al. 2007; Bernard

et al. 2009). Consequently, population structure may go

undetected when population genetic divergence is high
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because of low statistical power, or genetic structure may

be identified among genetically similar populations

when the statistical power is high (see Waples & Gag-

giotti 2006; Palsbøll et al. 2007). For example, Fallon

(2007) found that populations of threatened species were

more likely to be designated as ‘distinct population seg-

ments’ when large numbers of loci and several different

kinds of genetic markers (e.g., mitochondrial DNA and

nuclear DNA) were employed.

The second approach is to identify population struc-

ture from the degree of migration among putative popu-

lations. What exactly is implied by ‘migration’ depends

upon the study objective as well as the data and inference

method used. Migration may be gene flow, the move-

ment of gene copies among population with or without

permanent displacement of individuals. Alternatively,

migration may be dispersal, the permanent translocation

of individuals among populations with or without a last-

ing transfer of gene copies into the recipient population.

In many instances, it is not clear what kind of migration

is estimated when inferring migration rates from popula-

tion genetic data. An example of the latter case is MUs.

MUs are usually assumed to represent demographically

independent populations (Brown & Ehrlich 1980; Ihssen

et al. 1981; McElhany et al. 2000; Latta 2008), where demo-

graphic independence implies that abundance is mainly

driven by local recruitment and mortality rates. In such

cases, population genetic methods are used to estimate

migration rates, which in turn may provide information

regarding the degree of demographic independence

among putative MUs (e.g., Palme et al. 2008).

The popularity of population genetic approaches to

infer population structure lies primarily with the well-

developed population genetic theory and the ease by

which population genetic data are collected (DeSalle &

Amato 2004; Sarre & Georges 2009). The most commonly

used population genetic inference methods (e.g.,

Wright’s FST, assignment tests or coalescent-based infer-

ence methods) to detect population structure perform

well when the degree of genetic structure is high because

the interpretation is relatively straightforward. It is, how-

ever, another matter when the degree of genetic diver-

gence among putative populations is low because current

low genetic divergence has two possible causes; ongoing

migration, or recent historic migration but no (or low)

current migration. In other words, low genetic diver-

gence does not necessarily imply ongoing migration

among populations. The inability of most population

genetic inference methods to discern between ongoing or

recent historic migration is because of the assumptions

underlying the estimation of genetic divergence (and

inferred migration rates) (see, Whitlock & McCauley

1999; Pearse & Crandall 2004; Pertoldi et al. 2007). The

purpose of this paper is to direct attention towards this

‘ambiguous zone’ when genetic divergence is low and

point to the use of an emerging, novel breed of kinship-

based genetic inference methods.

Population and kinship-based genetic inference
methods

For the purposes of this paper, we categorize the

methods used to infer population genetic structure as

either population-based or kinship-based. Examples of

population-based inference methods are moment-based

statistics, such as Wright’s FST (Wright 1951) as well as

coalescent methods (Kingman 1982; Hudson 1998). Even

assignment methods (Paetkau et al. 1995; Pritchard et al.

2000), including spatial methods (Manel et al. 2007; Guil-

lot et al. 2009) belong to this category as the individual

multilocus genotypes are assigned to a ‘population’ of

samples.

In contrast, kinship-based methods rely upon assign-

ing individual multilocus genotypes to other individ-

ual multilocus genotypes (as opposed to a population

of multilocus genotypes). One example of a kinship-

based method is genetic tagging methods during which

the multilocus genotypes obtained from different

samples are assigned either to an individual or related

individuals based upon the estimated degree of related-

ness (Paetkau et al. 1995; Palsbøll et al. 1997; Taberlet et al.

1997; Garrigue et al. 2004; Peery et al. 2008; Broquet et al.

2009; Planes et al. 2009; Saenz-Agudelo et al. 2009).

Population-based and kinship-based approaches are

complementary. Strongly structured populations (i.e.,

displaying a high degree of genetic divergence) are read-

ily detected with high statistical power with modest

amounts of data using population-based methods. Kin-

ship-based methods, on the other hand, are well suited

when the degree of genetic divergence is low, such as

when current migration rates are high (Peery et al. 2008)

or when populations have undergone a recent reduction

in migration rates (e.g., Epps et al. 2005; Peery et al. 2010),

which is when population-based methods tend to be

uninformative. Kinship-based methods may be

employed to estimate migration rates or to detect popula-

tion structure using the statistical criterion.

The dubious ‘ambiguous’ zone; when genetic
divergence is low

Most population-based population genetic inference

methods (except for assignment methods) make the

assumption that population size and migration rates

remain constant through time (e.g., Wright 1951; Beerli &

Felsenstein 2001). A few implementations allow for non-

zero (linear or exponential) population growth rates, but

such nonzero growth rates are still assumed to remain
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constant through time (Hey et al. 2004; Kuhner 2006). In

addition, most population-based methods assume ideal

Wright–Fisher populations, where each population is

panmictic with no reproductive skew amongst indivi-

duals and has discrete generations. The most commonly

employed estimator of population genetic divergence,

Wright’s FST (Wright 1951), relies upon the simplest po-

pulation model where all subpopulations are identically

sized ideal populations with identical migration rates

among all populations, and no change in population

sizes and migration rates through time.

When these assumptions are valid then low genetic

divergence (e.g., FST < 0.05–0.02) implies high migration

rates and high genetic divergence implies low migration

rates. However, most natural populations undergo

changes in population size, and migration rates fluctuate

(Whitlock & McCauley 1999; Pearse & Crandall 2004) in

which case the correlation between current genetic diver-

gence and current migration rates is less straightforward.

Such deviations from the underlying assumptions do not

constitute an issue, in terms of inferring population struc-

ture, when the degree of genetic divergence is high in

which case current migration rates are unlikely to exceed

the inferred rate, although it is in principle possible that a

recent rapid increase in migration may not have resulted

in a corresponding decrease in genetic divergence

(Waples & Gaggiotti 2006). However, low genetic diver-

gence among populations does not necessarily imply that

current migration rates are high because such low genetic

divergence structure could be because of high historical

migration rates among populations that are now isolated

(see Fig. 1). There are numerous examples of such recent

changes in migration rates in natural populations inhab-

iting humanly altered ecosystems leading to populations

that are not in drift-mutation-migration equilibrium. For

example, logging of old-growth forests in the Pacific

Northwest of North America some 60–120 years ago

appears to have reduced the rate of gene flow into a

peripheral population of marbled murrelets (Brachyram-

phus marmoratus) to near zero, yet the current degree of

genetic divergence was estimated at only approximately

0.03 (Peery et al. 2010). Similarly, greatly reduced migra-

tion among mountain ranges by desert mountain sheep

(Ovis canadensis nelsoni) in southeastern California

because of urbanization, construction of canals for water

supply, and fencing of highways during the last

40–70 years is not yet reflected in the degree of genetic

divergence (Epps et al. 2005).

Assignment tests have been promoted as a means to

obtain ‘real-time’ estimates of migration rates (Davies

et al. 1999; Paetkau et al. 2004). Individual multilocus

genotypes are assigned to putative populations based

upon the relative likelihoods of multilocus genotypes

given the population allele frequencies and assuming

panmictic populations (Paetkau et al. 1995; Pritchard

et al. 2000; Corander et al. 2004). The proportion of indi-

viduals assigned to other populations than that from

which they were sampled is positively correlated with

the immigration rate and reflects migration during the

last generation(s). Descendants from immigrant individ-

uals may also be identified as being of mixed ‘origin’

(Rannala & Mountain 1997; Wilson & Rannala 2003).

Identifying descendants of immigrants can extend the

time frame over which migration rates are estimated

beyond a single generation. This approach, or variations

thereof, are implemented in BayesAss+ (Wilson & Rann-

ala 2003) and BIMr (Faubet & Gaggiotti 2008), which esti-

mate m in this manner and which do not assume

panmixia either. Broquet et al. (2009) have developed an

assignment-based method where postdispersal geno-

types are assigned to predispersal source populations.

Successful implementation of assignment tests and

the precision of resulting migration rate estimates require

that individuals are assigned to their source population

with statistical rigour, which in turn is correlated to the

degree of genetic divergence among source populations.

The confidence in assignments increases with the degree

of genetic divergence among populations (Paetkau et al.

2004; Faubet et al. 2007). However, high levels of genetic

divergence also imply low migration rates, and conse-

quently a large proportion of each population needs to be

sampled for immigrants to be among the collected sam-

ples, or the result will be a zero rate of migration rates. At
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Fig. 1 The increase in divergence, estimated as FST, as a func-

tion of the number of generations at a zero migration rate after

fragmentation. Generated using SimCoal2 (Laval & Excoffier

2004) with a total effective population size of 5000 (and geno-

types from 20 microsatellite loci in 100 samples from each popu-

lation) which is split into two equal-sized populations with zero

migration.
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low levels of genetic divergence, confidence in assign-

ments is low because the likelihood of a given genotype

is similar across populations. Hence, it is not surprising

that assignment methods perform best at intermediate

levels of genetic divergence (FST above 0.05, Faubet et al.

2007) and at even higher levels of genetic divergence

when the assumptions of panmixia are not met

(FST > 0.1, Faubet et al. 2007). In conclusion, population-

based genetic inference methods, including more recent

coalescent-based approaches, rely upon a number of

assumptions which creates difficulties in terms of draw-

ing firm conclusions regarding the current population

structure and current migration rates when the degree of

genetic divergence is low.

Kinship-based methods

An alternative to population-based methods is kinship-

based methods, where population structure or migration

rates are estimated from the spatio-temporal distribution

of dyads of related individuals. Kinship-based methods

are in essence assignment methods, where a multilocus

genotype is assigned to other multilocus genotypes

rather than populations. The data then becomes the num-

ber (and distribution) of ‘recaptures’, which may either

be the same individual identified from different samples

or closely related individuals. The number of such recap-

tures in turn influences the precision of the final estimate

of migration rates and the statistical power to detect pop-

ulation structure.

The key advantage of kinship-based methods is that

the statistical rigour and power of each assignment (and

thus any inferred population structure or estimated

migration rates) depends upon overall level of genetic

variation but not the degree of genetic divergence among

populations (Palsbøll 1999; Peery et al. 2008). Conse-

quently, kinship-based methods are well suited for eluci-

dating population structure in the ‘ambiguous’ zone, i.e.,

when the genetic divergence among putative populations

is low, complementing population-based methods (Pals-

bøll 1999; Hellberg 2009; Planes et al. 2009; Saenz-Agud-

elo et al. 2009). Kinship-based methods yield estimates of

current population structure or migration rates. The exact

time frame of kinship-based estimates depends upon sev-

eral factors, such as generation time, dispersal character-

istics, as well as the targeted degree of relatedness (i.e.,

1st, 2nd or more distantly related dyads). Targeting

dyads of distantly related individuals will increase the

time frame to which the migration estimate applies

because the probability of a migration event increases

with time. However, because the number of loci that can

be typed for each sample limits the degree of relationship

that can be discerned from unrelated individuals (usually

first or second-order relatives), the time frame covered by

kinship-based methods will be (at most) the last few gen-

erations.

The main issue with kinship-based methods lies with

the magnitude of the required sampling effort. Typically

a larger proportion of the target populations needs to be

sampled compared to most population-based methods,

and a sufficient number of loci need to be genotyped to

provide confidence in individual identifications or the

assignment of dyads of related individuals (Blouin 2003;

Wang 2006; Jones et al. 2010), which in turn makes this

approach sensitive to genotyping errors (Pompanon et al.

2005). Detecting dyads of close relatives amongst large

sample sizes is an additional issue with kinship

approaches (Csillery et al. 2006). Each putative dyad of

related individuals constitutes a statistical test leading to

multitesting issues, which is further complicated by the

fact that many tests are dependent (i.e., the same individ-

ual is part of n-1 dyads, where n is the number of sam-

pled individuals). Applying common corrective

measures, such as Sequential Bonferroni corrections

(Holm 1979), is often too restrictive and results in a large

number of Type II errors because of the desire to keep

Type I errors at zero. The alternative is FDR (false discov-

ery rates, Benjamini & Hochberg 1995) methods where a

fraction of Type I errors is accepted to minimize the num-

ber of Type II errors (e.g., Hall et al. 2009; Skaug et al.

2010). The optimal FDR depends upon the objective. The

FDR approach is informally implemented in one of the

most commonly used computer programs used to infer

parentage, CERVUS (Marshall et al. 1998). In CERVUS,

the level of significance (i.e., the probability of the

observed value of the test statistic D) may be adjusted to

increase the number of detected paternities. It is common

to use 0.2 instead of the ‘usual’ 0.05. By choosing 0.2, a

higher rate of Type I errors is accepted, but the power to

identify parents is increased (e.g., Pilot et al. 2010). Note

that even a relatively low Type I error rate of 0.05 could

result in misleading estimates of migration rates. For

example, if 100 individuals are sampled in each of two

populations unconnected by migration, a Type I error

rate of 0.05 would be expected to result in 500 split

‘parent–offspring’ dyads that actually involved unrelated

individuals (given 100 000 unique pairs where the two

individuals occur in different populations). However,

parent–offspring dyads constitute a special case, which,

if a sufficiently large number of loci is genotyped, may be

identified by exclusion (Jones et al. 2010). In this case,

both Type I and II errors may be reduced to near zero

provided that a sufficient number of highly polymorphic

loci are used and that the genotyping error rate is suffi-

ciently low.

The simplest case of kinship-based methods is ‘genetic

tagging’ of individuals (Palsbøll et al. 1997; Taberlet et al.

1997). Here, multilocus genotypes obtained from
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different samples are assigned to the same individual

when the relatedness coefficient is estimated to one. The

spatial distribution of samples assigned to the same indi-

vidual may then be used to infer population structure

and migration rates as with any other individual tagging

method (Palsbøll et al. 1997; Taberlet et al. 1997). How-

ever, this method requires that the same individuals are

sampled on multiple occasions, and the identification of

migration events requires that same individual be sam-

pled in at least two populations.

Only a very few studies of natural populations have

utilized dyads of close relatives to estimate migration

rates. One example is the study by Peery et al. (2008) of

marbled murrelets (Brachyramphus marmoratus) in central

California, for which abundance had been stable over a

5-year study period despite apparent reproductive fail-

ure, possibly high immigration rates from abundant

neighbouring populations. The kinship-based approach

was adapted to a single-population system because the

number of dyads of close kin decreases with increasing

immigration rates relative to a closed population. Indi-

vidual-based simulations based upon estimates of

demographic parameters, such as survival and birth

rates, derived from field studies were employed to esti-

mate the expected proportion of parent–offspring dyads

occurring in the central California population at differ-

ent immigration rates (incl. zero) assuming a constant

local abundance of approximately 660 individuals.

Genetic analyses identified 70 dyads of first-order rela-

tives among the 271 individuals genotyped at 16 loci,

which matched the expectations of a population with an

annual immigration rate of approximately 4% (95% con-

fidence interval: 3–5%) (Peery et al. 2008). This annual

immigration rate translates into 32% per generation cor-

responding to Nm at approximately 50 assuming an

effective population size at 155 individuals (Peery et al.

2010).

Kinship-based methods have also been developed to

detect population structure using statistical criteria. In

this application, the objective is to detect spatial heteroge-

neity in the distribution of dyads of related individuals.

The null expectation (homogeneity) is estimated by ran-

domizing sampled individuals among sampling posi-

tions. If the observed value of the test statistic (e.g., the

number of dyads with members in two different popula-

tions) is outside the 95 percentile bounds of the null dis-

tribution, then the null hypothesis of spatial

homogeneity is rejected and population structure

inferred. The caveats of homogeneity tests in this context

(in terms of statistical power and sample sizes) are the

same as those mentioned earlier for population-based

methods.

Økland et al. (2010) developed and tested a clustering

procedure for genetically-identified dyads of close

relative to define populations. Their approach was

applied to individual multilocus genotypes obtained by

individual-based simulations (Martien et al. 2009). Dyads

of individuals estimated to be related as second or first-

order relatives (excluding full siblings which were

deemed unlikely for the generic target species, a baleen

whale) were identified using standard likelihood meth-

ods. In a two-area population model, simulations used

census population sizes at 3750 or 7500 individuals per

population and sample sizes were varied from 100 to 600

individuals per population. The migration rate was var-

ied from 5 · 10)6 to 5 · 10)3, and the generation time set

at 20 years. The number of migrants per generation was

thus between 0.0375 and 37.5 migrants per generation for

the lower population sizes and twice that for the larger

population sizes, assuming an effective population size

at 10% of census population size. Statistical power to

reject homogeneity was estimated to be >95%, given a

total sample size of 500–600 individuals. Notably, the sta-

tistical power did not increase linearly with the propor-

tion of the population sampled. A sample of 300

individuals taken from a population of 7500 individuals

yielded the same statistical power (approximately 65%)

as a sample size of 400 individuals taken from a popula-

tion of 15 000 individuals. In other words, panmixia was

rejected with a statistical power at 65% with only approx-

imately 2.6% of the individuals sampled and only 10

microsatellite loci genotyped at migration rates at or

above approximately 75 migrants per generation.

Økland et al.(2010) targeted dyads of both first and

second-order relatives to accommodate genotyping

errors and increase the detection rate of dyads of related

individuals. A genotyping error may result in a true par-

ent and offspring dyad being deemed incompatible with

being a parent and offspring dyad as they will not match

at minimum one allele at all loci. In such instance, the

dyad of first-order relatives is likely to appear in the anal-

ysis as a dyad of second-order relatives. With as few as

10 microsatellite loci, many first and second-order dyads

are not identified, and dyads of unrelated individuals

will erroneously be assigned as dyads of first or second-

order relatives. Økland et al. (2010) used FDR (Benjamini

& Hochberg 1995) to maximize the number of dyads of

close relatives while accepting that some of these may be

incorrect (i.e., not close relatives). The effect of accepting

a large fraction of incorrect dyads (i.e., unrelated individ-

uals inferred as dyads of first or second-order relatives)

depends upon the degree of genetic divergence among

populations; if genetic divergence is low, then an

increased FDR is expected to reduce the statistical power

to reject homogeneity, whereas high genetic divergence

may result in erroneous rejection of homogeneity

(because most erroneous dyads are likely to be from the

same ‘population’).
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The use of kinship-based genetic inference methods is

still very much in its infancy. The two main obstacles to a

more widespread adoption are the following: (i) the nec-

essary ‘scaling-up’ in terms of samples and loci, and (ii)

the integration of demographic and genetic theory and

modelling to develop suitable estimation procedures.

The first obstacle will soon be obsolete given the ongoing

forward leap in genotyping technologies which will

make robust genotyping of a large number of loci in 100s

of individuals a trivial matter. The most promising mark-

ers are single nucleotide polymorphisms (SNPs), which

may be detected by next generation sequencing technolo-

gies or the many highly efficient SNP genotyping plat-

forms that have emerged over the last decade (Brumfield

et al. 2003; Morin et al. 2004). SNP discovery in nonmodel

species is still a significant challenge but this is very

much the same situation at the onset of microsatellite

genotyping in nonmodel species, and new efficient SNP

discovery methods are developed at an increasing rate

(Kerstens et al. 2009; Sanchez et al. 2009; Xu et al. 2009). In

the longer perspective, the same kind of data may be

achieved by simply next-generation sequencing of the

same small fraction of the genome in a pool of many indi-

viduals (Erlich et al. 2009).

In terms of the second obstacle, a general estimation

framework needs to be developed that may be applied to

a range of species and specific life history rates. There are

a few programs available that enable simulating individ-

uals under a variety of demographic models, which in

turn may be utilized to generate expected distribution of

close kin given specific life history and vital rates (e.g.,

Peery et al. 2008). Perhaps more importantly, formal sta-

tistical frameworks for estimating migration rates (or

population structure) from the observed number and

spatial distribution of dyads of close kin have not been

developed.

Conclusions and recommendations

The current and common use of population-based infer-

ence methods to detect population structure works well

when the degree of genetic divergence among popula-

tions is high. However, at low genetic divergences infer-

ring population structure becomes nontrivial because a

low degree of genetic divergence may signify either high

historic (but low current) or high current levels of migra-

tion. Here, we have presented kinship-based methods as

a viable approach for characterizing current population

structure and estimating migration rates in this ‘ambigu-

ous’ zone of low genetic divergence. Although it has been

suggested that kinship-based methods were infeasible in

large populations (>1000 individuals, see Hellberg 2009),

the work by Økland et al. (2010) shows this not to be the

case. Indeed, there are no theoretical grounds for such

limitation, but there are practical limitations to a success-

ful implementation of kinship-based methods when pop-

ulation sizes become large in terms of the number of

samples that needs to be collected and genotyped. In the-

ory, such limitations may be overcome by extending the

assessment to include more distant relationships (Pals-

bøll 1999). However, third-order, and more distant, rela-

tives only share a small fraction (approximately 0.125) of

their genome because of their common ancestry making

it technically challenging to discern dyads of such distant

relationships from dyads of unrelated individuals. The

work by Økland et al. (2010) is encouraging by revealing

that the same level of statistical power is achieved at

lower sampling intensity as abundance increases. Saenz-

Agudelo et al. (2009) compared the performance of

assignments tests (i.e., a population-based method in the

present context) and paternity tests (a kinship-based

method) in detecting population structure by identifying

movement among reef fish subpopulations at low and

high population genetic divergence. As expected, and

outlined earlier, Saenz-Agudelo et al. (2009) found that

assignment tests and paternity analyses captured move-

ments among subpopulations best at high and low levels

of genetic divergence, respectively, in accordance with

what is to be expected.

We conclude that kinship-based and population-

based inference methods are complementary and which

approach is the most suitable depends upon the specific

Table 1 Individual-based programs for simulating genetic data

Program name Population model Comments Reference

EASYPOP Wright–Fisher Tracks parentage (Balloux 2001)

SPIP Demographic* Limited to two populations (Anderson & Dunham 2005)

RMetaSim Demographic No tracking of parentage (Strand 2002)

SimuPop, Nemo Demographic Tracks parentage (Peng & Kimmel 2005;

Guillaume & Rougemont 2006)

*Enable the simulation of age structured populations with overlapping generations as well as reproductive and migratory skew among

individuals and age classes.
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context. Kinship-based inference methods, however, are

in need of further development to become more widely

adopted. Such development should include estimation

procedures which may be tailored to the demographic

parameter values for a specific target species (such as

abundance, survival rates, reproductive skew, mating

fidelity etc.) as well as other biologically plausible devia-

tions from a Wright–Fisher population model and muta-

tion-drift-migration equilibrium. There are several

individual-based modelling programs available enabling

simulation of kinship data under different migration

rates and a specific demographic model (see Table 1).

Only a few software packages permit temporal changes

in migration rates and abundance which is required if the

objective is to model a recent human-induced change,

such as habitat fragmentation. However, none of these

programs permit a formalized estimation of current

migration rates from the spatial distribution of dyads of

close kin, but are intended for generating simulated data.

Although such software may be used to obtain an esti-

mate of migration rates in an ad hoc manner (e.g., Peery

et al. 2008), estimation procedures need to be formalized

and in a rigorous statistical framework to be of more gen-

eral use.
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