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Abstract

Genetic assignment methods use genotype likelihoods to draw inference about where indi-
viduals were or were not born, potentially allowing direct, real-time estimates of dispersal.
We used simulated data sets to test the power and accuracy of Monte Carlo resampling
methods in generating statistical thresholds for identifying F, immigrants in populations
with ongoing gene flow, and hence for providing direct, real-time estimates of migration
rates. The identification of accurate critical values required that resampling methods pre-
served the linkage disequilibrium deriving from recent generations of immigrants and
reflected the sampling variance present in the data set being analysed. A novel Monte Carlo
resampling method taking into account these aspects was proposed and its efficiency was
evaluated. Power and error were relatively insensitive to the frequency assumed for miss-
ing alleles. Power to identify F, immigrants was improved by using large sample size (up
to about 50 individuals) and by sampling all populations from which migrants may have
originated. A combination of plotting genotype likelihoods and calculating mean genotype
likelihood ratios (D, ;) appeared to be an effective way to predict whether F, immigrants
could be identified for a particular pair of populations using a given set of markers.
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with the estimates they produce. Noting these limitations,

Introduction

Understanding connectivity between populations is a fund-
amental aspect of population ecology (Wiens 1997), and an
essential component of managing populations for conser-
vation. Geneticists have taken an interest in this subject ever
since Wright (1931) demonstrated that indirect estimates
of Nm (the effective number of individuals moving be-
tween populations per generation) could be generated from
measures of genetic differentiation between populations.
The limitations of such indirect approaches are that they
are based on simplified, and typically unrealistic, population
models, and that there can be high variance associated
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Whitlock & McCauley (1999) recently concluded that
estimates of Nm derived from Fq were only ‘likely to be
correct within a few orders of magnitude’; a degree of
precision of little value for understanding demographic
processes in real populations. Furthermore, indirect esti-
mates of Nm reflect long-term dispersal rates, and will be
slow to respond to the ‘real-time’ changes in movement
patterns across specific landscapes that we need to be able
to measure for management purposes.

Population genetic analyses, like the estimation of Fgp,
have traditionally been based on the comparison of allele
frequency distributions observed in population samples.
However, with the development of highly variable genetic
markers, like microsatellites, it is now possible to collect
enough information about individual organisms for the
units of analysis to be shifted from populations to individuals
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(for review see Estoup & Angers 1998). With this shift, it
has become possible for genetic analysis to yield informa-
tion on population ecology that is qualitatively similar
to that obtained with traditional field techniques (e.g.
Woods et al. 1999). This has encouraged the pursuit of
individual-level genetic methods for studying population
of origin (Paetkau et al. 1995; Rannala & Mountain 1997;
Waser & Strobeck 1998; Cornuet ef al. 1999; Davies et al.
1999; Pritchard et al. 2000; Eldridge ef al. 2001; Guinand
et al. 2002; Maudet et al. 2002; Wilson & Rannala 2003).

The hope for using genetics to directly study interpopu-
lation movements lies in the ability to identify immigrants
(Rannala & Mountain 1997; Pritchard et al. 2000; Wilson
& Rannala 2003), or even individuals’ natal populations
(Cornuetet al. 1999). In many settings, what one really wants
to do is to make a direct, real-time estimation of a migra-
tion rate in a population system with ongoing geneflow. In
this context, the null hypothesis is that an individual was
born in the population in which it was sampled (including
individuals born to immigrant parents, i.e. F;, F,, etc.
immigrants). Paetkau et al. (1995) demonstrated that it was
often possible to assign individuals to the population
where they were sampled using the probability of drawing
that individual’s multilocus microsatellite genotype from
the allele distributions observed in a series of study popu-
lations. One major challenge is to distinguish between
residents (individuals born in the population in which they
are sampled) that are ‘misassigned” (have a genotype that
is most likely to occur in a population other than the one
in which the individual was sampled) by chance and F,
immigrants who are misassigned because they were born
somewhere other than where they were sampled. A poten-
tial solution to this problem is to use Monte Carlo resam-
pling methods to identify statistical thresholds beyond
which individuals are likely to be F; immigrants (Rannala
& Mountain 1997; Cornuet et al. 1999; we use ‘sampling’ to
refer to the collection of samples from populations, and
‘resampling’ to refer to the drawing of genotypes from that
population data). The principle behind this approach is
to approximate the distribution of genotype likelihoods
that would be found in a particular group of ‘real’ resident
individuals, and then to compare the likelihoods calculated
for sampled individuals to that distribution. Wilson &
Rannala (2003) recently proposed a Bayesian method relying
on Markov chain Monte Carlo techniques that attempts to
estimate posterior probabilities of a number of population
parameters, including recent migration rates (over several
generations); it is worth emphasizing that our interest was
much narrower, focusing solely on the identification of
immigrant individuals in the current generation.

In the present paper, we explore the Monte Carlo resam-
pling methods of Rannala & Mountain (1997) and Cornuet
etal. (1999), as well as a novel Monte Carlo resampling
method, through the use of simulated data in which F,

immigrants and residents are known. In particular, we
were concerned that these methods might not generate
realistic likelihood distributions, and that this might lead
to an excess of resident individuals being identified as F,
immigrants. We were particularly keen to know whether
this approach was sufficiently powerful to be of practical
value in studying dispersal and estimating migration rates
between populations having reasonably high historic and
ongoing gene flow. In other words, are there situations
where Nm is high enough that a realistic population sam-
ple would contain enough immigrants to shed light on
immigration patterns, yet where there remained enough
differentiation between populations to endow genetic
assignment methods with adequate power for F, immig-
rant detection. The aim of our simulation study differs
from previous simulation studies that explored the effi-
ciency of the Monte Carlo resampling methods (Rannala &
Mountain 1997; Cornuet et al. 1999). In particular, the
simulations described in Cornuet et al. (1999) used a model
in which populations diverged from a common ancestral
population without migration, and hence did not focus on
the specific task of immigrant identification.

Although one can imagine many scenarios and ques-
tions that would be interesting to explore, our study
employed an island population model, and focused on the
following questions: (i) does the Monte Carlo resampling
procedures produce more type I errors (we define a type I
error as a resident individual falling beyond a critical value
o, and thus being wrongly identified as an F; immigrant)
than appropriate given the specified azand, if so, can a bet-
ter procedure be found? (ii) what is the impact of assuming
different frequencies for dealing with missing alleles? (iii)
how do sampling parameters (number of markers, sam-
ple size per population, number of populations sampled)
affect power (we define power as the proportion of true F,
immigrants falling past a chosen critical value; power =1
—type Il error)? (iv) what is the best way to predict power
in empirical data sets? Reasoning that the power and prac-
tical utility of these methods would be highest in the sort
of small, isolated populations that are of high relevance to
conservation, we selected our simulation parameters to
reflect such populations.

Methods

Simulation methods (data generation)

Genotypic data were generated using a simulation method
that involved a backward process followed by a forward
process. The backward process was based on the coale-
scence theory (Hudson 1991). Coalescent trees were simu-
lated using a ‘generation by generation” algorithm (e.g.
Leblois et al. 2003), which allowed great flexibility in the
choice, and variation over time, of demographic parameters,
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including migration rate (171, the proportion of genes migrating
between populations per generation) and the effective
number of diploid individuals in the population (N).
With this backward process, single-locus data sets were
produced independently and combined to produce a single
data set of statistically unlinked loci.

In the backward process, migration was a probabilistic
procedure that occurred independently for each locus, and
immigrant genes were distributed randomly across the
final multilocus genotypes. This stands in contrast to the
process in nature where immigrant genes arrive in a popu-
lation as a set, in an immigrant individual or gamete. This
association of immigrant genes (i.e. admixture linkage dis-
equilibrium; Stephens ef al. 1994) in immigrants and their
descendents may have an affect on the power to differen-
tiate between F, immigrants and residents (that include
the descendents of immigrants from previous generations).
Since non-random associations of immigrant genes would
extend the tail of genotype likelihood distributions, we were
concerned that a strict backward coalescent approach, in
which associations are random, might produce exagger-
ated estimates of power.

If loci are unlinked, admixture linkage disequilibrium
decays by half each generation, so a reasonably realistic
level of admixture linkage disequilibrium could be pro-
duced by introducing the disequilibrium resulting from
the few most recent generations of immigrants. To do this,
we followed the backward process by 10 generations of a
classical forward simulation process wherein generations
were produced by drawing multilocus haploid gametes,
with replacement, from randomly chosen individuals in
the previous generation. In this process, immigration
involved the probabilistic movement of multilocus diploid
genotypes (i.e. whole individuals).

It is worth noting that the forward process made it nec-
essary to simulate 2N genes during the backward process,
whereas coalescence methods normally only require the
simulation of as many genes as are sampled. The usual
limitation of small sample size compared to 2N of many
coalescence simulation methods did not hold here. As a
matter of fact, the generation by generation algorithm used
for our backward process does not approximate coalescence
times and allow multiple coalescence events to occur at each
generation. However, the necessity to simulate 2N genes
during the backward process placed relatively tight
constraints on our simulation procedure in terms of
computing time. As a result, our set of populations
never included more than 2000 diploid individuals. The
backward, forward and backward-forward processes were
tested by comparing analytical expectations of gene diversity
(H; Nei & Roychoudhury 1974), and Fg. (Weir & Cockerham
1984) to values observed in simulated data sets. Results
were indistinguishable from expectation for all processes
(not shown).
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In the final (sampled) generation of the forward process,
exactly Nm individuals were moved into each population,
rather than allowing probabilistic migration. This simpli-
fied the measurement of error rates, as the analysis pro-
gram (below) could be told how many immigrants were in
each population. Where the product of m and sample size
(s; the number of individuals sampled per population) was
not a whole number, the number of immigrants moved in
the final generation was increased to the nearest whole
number. Note that this increased the migration rate above
equilibrium levels for the final generation, but should have
introduced a conservative bias since it will have caused the
populations to be less differentiated than expected at equi-
librium, reducing the distinction between residents and
immigrants, and thus power.

The parameters varied in this project included m, N, s,
and the number of loci (). It was our intention to loosely
approximate typical, contemporary, microsatellite data
sets in our simulations, so the mutation model was
assumed to be a stepwise mutation model (SMM; Ohta &
Kimura 1973), the mutation rate (1) was high (as expected
for loci with a substantial level of polymorphism in popu-
lations of relatively small size, i.e. usually 5 x 10-3) and the
number of genotyped loci (I) was 10 except where stated
otherwise. Each data set contained 10 populations of equal
size connected in an island model (Wright 1931), and 100
data sets were produced for each combination of para-
meters explored. Means and coefficients of variation were
calculated for each group of 100 data sets for several
population genetic statistics including H, Fqp, Dg (Nei 1972)
(61)2 (Goldstein ef al. 1995) and D  (Paetkau ef al. 1997).

Data analysis

Genotype likelihoods were calculated for each individual
in each population following Paetkau et al. (1995). Al-
though other assignment criterions may be computed
(e.g. Rannala & Mountain 1997; Cornuet et al. 1999), the
criterion of Paetkau et al. (1995) is computationally simple
and is the most frequently employed in empirical studies
(reviewed in Guinand et al. 2002). Moreover, assignment
based on the latest likelihood estimator was found to com-
pare favourably with other more sophisticated assignment
methods based on artificial neural networks (Guinand
et al. 2002).

The first step in our assignment process was to calculate
observed frequencies for each allele in each population.
Then the likelihood of a diploid genotype occurring in a
particular population was estimated, under an assumption
of random mating, as the square of the observed allele fre-
quency for homozygotes or twice the product of the two
allele frequencies for heterozygotes. Likelihoods for each
locus were multiplied together, under an assumption of
independence between loci, to yield an overall likelihood
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for a given individual’s genotype in a given reference
population. Where an individual was included in the sam-
ple for a particular population, that individual was removed
from the sample prior to calculating observed allele
frequencies (the leave-one-out procedure; Efron 1983;
Paetkau et al. 1998).

When the observed frequency of any allele in a given
genotype was zero (a missing allele), this calculation pro-
duced a multilocus likelihood of zero. To avoid such zero
values, missing alleles were given an arbitrary nonzero fre-
quency. Six values were tested for missing alleles: 2 x 10-2,
1x10-2,5x10-3,1x10-3,1x10~4and 1 x 10-5. Except when
testing the different ways of treating missing alleles,
simple observed values were used for allele frequencies
and missing alleles were given a frequency of 1 x 10-2.

All individuals were ranked using the test statistic A =
L,/L,,.. where L, is the likelihood of drawing that indi-
vidual’s genotype from the population in which it was
sampled, given the observed set of allele frequencies, and L,
is the maximum such likelihood observed for this geno-
type in any population (i.e. the likelihood for the popu-
lation to which the individual would be assigned in the
assignment test; Paetkau ef al. 1995). The test statistic A is
appropriate when all source populations for immigrants
are thought to be sampled. When some source populations
are clearly missing, it becomes more appropriate to use L,
as the test statistic. L, is essentially the assignment criterion
previously used by Cornuet et al. (1999), as well as by Favre
et al. (1997) to test for sex-biased dispersal. When exploring
the effect on power of failing to sample all source popula-
tions, we calculated both L, and A; otherwise A was used
as the test statistic.

To generate critical values for rejecting the null hypo-
thesis (i.e. that an individual was born in the population in
which it is sampled), diploid genotypes were resampled
from each of the 10 populations. This was done in two dif-
ferent ways: (i) a classical Monte Carlo resampling method
(e.g. Rannala & Mountain 1997; Cornuet ef al. 1999) where
a simulated individual is obtained by drawing alleles at
random according to the allele frequencies observed at
each locus in each population of the data set; and (ii) a new
Monte Carlo resampling method where a simulated indi-
vidual is obtained by the drawing, with replacement, of
multilocus gametes from randomly chosen individuals in
each population of the data set. The classical and new pro-
cedures were reiterated until the required number of simu-
lated individuals was reached for each population. In the
new resampling procedure, one individual (i.e. a potential
‘parent’) is first randomly drawn in the ‘reference’ popula-
tion sample, and one gene and corresponding allelic state
is then randomly drawn among the two gene copies for
each locus. A second gamete is designed the same way
from a second individual (‘parent’) drawn at random, and
both gametes are associated to give a simulated multilocus

diploid genotype. Drawing gametes instead of alleles has
the effect of retaining the admixture linkage disequi-
librium present in sampled immigrants and their recent
descendents, with the expected decay of 0.5 between the
sample data and the resampled genotypes. Essentially, this
sampling procedure is truer to the process that occurs in a
natural population when gametes are drawn from one
generation to produce the next generation’s resident indi-
viduals, whose likelihood distribution we were trying to
approximate. In this paper, resampling was based on gam-
etes except when specifically testing the effect of sampling
alleles instead of gametes.

The test statistics were calculated from the resampled
genotypes in two different ways. The first approach was to
generate 500 resampled individuals (an arbitrary value
much greater than s) for each population, calculate allele
frequencies using those large sets of samples, and then cal-
culate genotype likelihoods. This was repeated until a total
of 10 000 genotypes (i.e. 20 sets) had been resampled from
each population sample. This approach is similar to that of
Rannala & Mountain (1997) and Cornuet et al. (1999), who
calculated test statistics on a single set of 1000 resampled
genotypes. Our alternate approach, which was used for all
runs except when comparing these two resampling
methods, was to calculate allele frequencies and genotype
likelihoods based on sets containing exactly as many geno-
types as did the original data set (50 per population in the
case of the direct comparison between methods), and then
repeat the process until the total number of resampled geno-
types for which likelihoods had been calculated was very
large (exactly 10000 in the case of direct comparison).
These two methods of calculating likelihoods for resam-
pled genotypes differed only in that the allele frequency
estimates in the first approach will be more precise than
will be the case for the second approach, where sampling
error may cause considerable differences in allele frequen-
cies between the sample (in this case simulated) popula-
tion data and the resampled populations produced from
that data. In both cases, likelihoods for all of the genotypes
generated by the Monte Carlo procedure (i.e. 10 000 per
population) were ranked using the relevant test statistic,
and critical values were identified as the value of the test
statistic beyond which the proportion of resampled geno-
types with equal or more extreme (smaller) values was o.

In the described procedure, we were essentially testing
every individual for its status as resident or F, immigrant.
Our simulated sample data sets contained between 120
and 960 individuals (12-96 per population), with up to 950
residents (when Nm = 1). Assuming that type I errors rates
were consistent with o, and setting o to 0.05, we would
expect a mean of 0.05 * 950 = 47.5 type I errors in such a
data set. Given that only 10 immigrants would be present
in this example, this rate of error is clearly unacceptable
for most applications, even if all F, immigrants also fall
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beyond the critical value (i.e. power = 1). One is always
faced with a compromise between crand power, and in this
study we considered that 0.01 or 0.002 represented appro-
priate values of o for testing the practical utility of the
described methods.

In our simulated sample sets, F, immigrants and resid-
ents were known. Hence, For each data set, the number of
residents and F,, immigrants falling past the critical value
could be recorded, and mean error rates were calculated
for the 100 data sets analysed under a given set of para-
meters and analysis conditions. Power was calculated
as [number-of-F-immigrants-past-critical-value/total-
number-of-F-immigrants], and the rate of type I errors
relative to expectation was taken as [number-of-residents-
falling-past-critical-value /(10 populations * N * (1 — m) * o9)].
Note that we based this latter calculation on the known
number of simulated residents, whereas in an applied
situation one would base expected type I error on the
total sample size, because the number of residents and
immigrants would be unknown.

In practice, a direct and simple estimation of a migra-
tion rate could be obtained by dividing [the total number
of individuals falling past the critical value minus the
number of expected type I errors] by [the total number
of sampled individuals]. However, our simulated data
were restricted to simple patterns of balanced and, in the
final generation, deterministic migration. Therefore, such
migration rate estimations are not presented, and the per-
formance of these methods in more realistic scenarios of
asymmetric and stochastic migration is a subject that is
open to further study.

The described Monte Carlo resampling methods have
been incorporated in the computer program GENECLASS 2,
which can be found at http://www.montpellier.inra.fr/
CBGP/softwares/ .

Results and Discussion

Resampling procedure

In the method that we were studying, the goal of the Monte
Carlo resampling procedure was to produce a distribution
of a test statistic that reflected the distribution expected for
native-born (resident) animals from the sampled popu-
lation. If the distribution produced is inaccurate, the pro-
portion of type I errors might be different than expected
(o). There were two aspects of previous resampling pro-
cedures (Rannala & Mountain 1997; Cornuet et al. 1999) that
we thought might cause higher than expected type I error
rates.

First, when analysing a single very large set of resam-
pled genotypes (e.g. Rannala & Mountain 1997; Cornuet
et al. 1999), or several sets that are larger than the sample
data file, the sampling variance for allele frequencies in the
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simulated data set(s) is expected to be lower than in the
actual data set. This may result in a distribution of geno-
type likelihoods characterized by a reduced tail compared
to the actual distribution for real, resident animals, which
we are attempting to approximate. Hence, analysing single
or several sets of resampled genotypes that are larger than
the actual data set, may result in an excess of resident indi-
viduals being rejected and wrongly considered as F, immig-
rants (type I errors).

Second, by resampling alleles instead of gametes, recent
immigrant alleles become randomly distributed across
genotypes instead of being concentrated in individuals
descended from recent immigrants (admixture linkage
disequilibrium), as expected in populations with ongoing
geneflow.

For instance, consider a population of 50 individuals at
equilibrium for Nm = 10. If we looked at individuals born
in this population, approximately one third will be F;s,
having had one parent that was an immigrant in the previ-
ous generation, and we can expect two of 50 newborn
resident individuals to actually be the offspring of two
immigrant parents. Since F;s have 50% immigrant genes,
and the offspring of two immigrants have exclusively immig-
rant genes, the distribution of genotype likelihoods in
this population will have an extended tail of rare genotypes
compared to the distribution we would see if we distributed
the immigrant genes randomly across all genotypes. Given
that the critical values will, by definition, lie in this tail, we
would expect that sampling alleles would result in an
excess of resident individuals (especially those with recent
immigrant ancestry) being rejected as immigrants, and
wrongly considered as F; immigrants (type I errors). This
argument applies primarily to populations with small N
and large m; the type of populations we focused on.

To explore these two aspects of the resampling pro-
cedure, we used simulations with N =s = 50, £ =0.005, =10,
Nm =1{0.25,05,1,2,3,4,5,6,7,15} (1000 data sets total) and
o = 0.002. These data files were analysed in four different
ways, with each combination of the two factors of interest
(i.e. re-sampled populations equal to, vs. 10 times larger
than, s; sampling gametes vs. alleles).

Our results indicated that resampling methods can have
a large impact (Fig. 1). When resampling was performed
on alleles instead of gametes, the proportion of type I error
was much higher than ¢, especially at low values of Nm.
Similarly, excessive type I error was observed when re-
sampled individuals were analysed in data sets 10 times
larger than the original. The combination of these two
problems lead to type I error rates seven to eight times
higher than expected.

We were not able to explore all of the methods that have
been suggested for genetic assignment of individuals to
populations, especially the Bayesian methods of Rannala &
Mountain (1997). However, we believe that our findings
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Fig. 1 Four different methods for drawing genotypes from the
sample data to produce distributions of the test statistic A:
drawing gametes (filled symbols) vs. alleles (open symbols) and
analysing genotypes in sets of 10 times (squares) or 1 times
(triangles) the size of the original data set. N =s = 50, u =0.005, [ =
10, o= 0.002.

have important implications for the use of assignment
methods to make direct, real-time estimates of migration
rate, that extend beyond the specific methods that we tested
(based on the assignment criterion of Paetkau ef al. 1995).
This was illustrated by analysing three randomly chosen
simulated data sets using the assignment program iMmMANC
(Rannala & Mountain 1997) and setting this program to
consider only the current generation (as we are doing in
this paper). For data sets containing one true F, immigrant
per population (Nm = 1), both programs correctly identi-
fied all 30 (10 x 3) F, immigrants. However, while our pro-
gram (o= 0.01) identified 16 residents as F, immigrants
(mean type I error = 16/(3+490) = 0.0109), Immanc iden-
tified 113 residents as immigrants at a significance level
(o) of 0.01 (mean type I error = 0.078); a nearly eight-fold
excess of type I error compared to expectation, in keeping
with our findings regarding resampling methods. We
then implemented the assignment criterion of Rannala &
Mountain (1997) (cf. Formula 9 in their paper) in our prog-
ram; our new Monte Carlo resampling method applied
with this assignment criterion allowed all 30 F, immi-
grants to be correctly identified and reduced the number of
residents identified as F, immigrants to 17 (mean type I
error = 0.0116).

A different approach based on a Bayesian method
relying on Markov chain Monte Carlo techniques was
recently proposed by Wilson & Rannala (2003) to estimate
posterior probabilities of a number of population para-
meters, including recent migration rates over the last
several generations, among populations. It would be
worth comparing in further studies the performance of
the latest method with the approach we propose in the
present paper.

Power

025 0.5 1 2 3 4 5 6 7 15
Nm

Fig. 2 Power observed when arbitrary frequencies of 2x10-2
(squares), 5 x 10-3 (triangles) or 1 x 10~4 (diamonds) were sub-
stituted for alleles not observed in a reference sample (missing
alleles). Simulated sample files as in Fig. 1. Curves for 1 x 10-2and
1 x 10-3 were almost identical to the curve for 5x 10-3, so were
removed for clarity.

Missing Alleles

The problem of missing alleles arises when one or more
alleles in an individual’s genotype has an observed
frequency of zero in a reference sample being used for
likelihood calculation; the calculated likelihood will also
be zero. When Paetkau et al. (1995) introduced the use of
genotype likelihoods to assign individuals to populations,
they avoided missing alleles by adding an individual’s
genotype to any reference allele distribution in which that
sample was not already included. However, this approach
was found to reduce the power to correctly assign indi-
viduals to populations, and a leave-one-out procedure
was subsequently suggested in which individuals were re-
moved from distributions in which they were included,
and a value of 0.01 was substituted wherever alleles were
missing (Paetkau et al. 1998). This solution has the dis-
advantage that the value of 0.01 is arbitrary.

We investigated the impact of assuming different fre-
quencies for missing alleles using the same simulated data
files as in the previous section and o= 0.002. Fixed missing-
allele frequency values of 2 x 10-2, 1 x 102 (1/2N), 5 x 10-3,
1x10-3,1x10-4and 1 x 10-5 were used. For all Nm values
studied, results were not strongly affected by different
frequencies assumed for missing alleles (Fig.2). While a
small, but noticeable, decrease in power was observed
for extreme fixed values of 2 x 10-2 and 1 x 104, there was
little difference in results when values in the broad range
of 1x10-2 -1 x 10-3 were used.

An interesting difference between very large (2 x 10-2)
and very small (1 x10-4) fixed values is that the latter
showed a sharp drop in power at the smallest Nm value
that we used (Fig. 2). This spike was even more exaggerated
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with a fixed value of 1 x 10-5, and was even present, although
very small, with a value of 1 x 10-3. An explanation for
this increase in type II error is that the extremity of the
missing allele correction makes A excessively sensitive to
the number of missing alleles present in a given multilocus
genotype. In other words, a genotype that is otherwise
relatively common in a given population would have its
calculated likelihood reduced by several orders of magni-
tude if it contained a single missing allele, dramatically
altering its position relative to the calculated critical value.
Davies et al. (1999) suggested that fixed values as low as
1x10-6 could be used for missing alleles, but our testing
shows that this extreme value could reduce power con-
siderably, at least under some circumstances.

The optimal missing allele correction for our data sets
was a fixed frequency of 5 x 10-3, but the superiority of this
value was subtle and may not hold for situations where
the population and sample parameters are much different
than ours. The important implication of our results is that
the lack of a precise analytical correction for missing alleles
is not a significant problem because results are relatively
insensitive to the frequency assumed for those alleles.

Sampling parameters

To this point, we have assumed that every individual in
every population from which immigrants may have
derived has been sampled. In this section, we considered
what happens when these assumptions are not met, as well
as the impact of the number of genotyped markers (/) and
the number of sampled individuals (s). The markers that
we used were uniform in their evolutionary characters (i.e.
same mutation model and rate, and evolutionary neutrality),
whereas empirical (i.e. nonsimulated) studies would make
use of markers that vary more in those characters and hence
in their specific contribution to population assignment and
immigrant detection. Therefore, the question of deter-
mining which combination of loci would most likely provide
a specific level of population assignment and immigrant
detection was not addressed here, and would deserve
specific investigation, preferably performed on real (i.e.
nonsimulated) microsatellite data (cf. Banks et al. 2003).

If samples are not available from all source populations
for immigrants, or if only a single population has been
sampled, then L, should be used as a test statistic (e.g.
Favre et al. 1997). We explored the effect of test statistic on
power by analysing the previous data sets using L, or A, at
three different critical values (o= 0.05, 0.01, 0.002). When
the effect of the sample size (s) was assessed, we kept the
proportion of F;immigrants in the sampled individuals con-
stant. Therefore, we set N at 8, and sampled between 1/8th
(s = 12) to 8/8ths (s = 96) of the population (N = 96), yielding
data sets with 1-8 immigrants in them, but always with 1/12th
of sampled individuals being F, immigrants. Due to the
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Fig. 3 A comparison of power when using L,, (filled symbols) or A
(open symbols) as the test statistic, with orat 0.05 (diamonds), 0.01
(triangles) or 0.002 (squares). Simulated sample files as in Fig. 1.

relatively low power at Nm = 8, we used 15 highly variable
(u=0.005, H = 0.825) markers. To study the effect of I on
power, we varied [ from 5 to 20 while holding other para-
meters constant (N =s =50, u = 0.0025, Nm = {1, 3, 5, 7}).

It was not surprising to find that using L, as a test statis-
tic resulted in lower power than was observed with A
(Fig. 3). However, the more interesting issue is the magni-
tude of this loss of power, and what the practical implica-
tions of that drop are. A useful way to summarize the
difference between L, and A, as observed in the case we
examined, is that very similar power could be achieved
with the two statistics by setting ¢, and thus type I error,
five times higher for L, than for A. For instance, we have
found that, using A as test statistics, more than 90% of F,
immigrants could be identified (on average) for Nm =1 and
o = 0.002. When using L, as the test statistic, this level of
power could only be achieved under the permissive condi-
tions of or=0.05, at which point we expect 2.45 type I errors
(49 residents * 0.05) per population, considerably out-
numbering the single F, immigrant in each population. It
bears mention that, when using L,, observed type I error
exceeded expectation at high values of Nm (not shown).
However, if the estimate of type I error had been conserv-
atively based on the entire sample (50 * ), as will be the
case when the actual number of immigrants and residents
is unknown, then error rates would have been very close to
expectation.

The effect of the number of sampled individuals on
power was no surprise, with power increasing from a low
of 0.32 at s = 12 to a maximum of 0.42 when s was 60 or
higher (Fig. 4). Power did not rise as s increased beyond 60,
although type I error decreased. The more surprising
result was that the observed rate of type I error exceeded
expectation when s was less than 60, peaking at more than
double the expected rate when s was 12. In their simulation
study based on a closed population model (i.e. without
migration), Cornuet et al. (1999) experienced a similar bias
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Fig. 4 The effect of sample size on power (filled symbols) and type

I error rate (open symbols) relative to expectation [er * N * (1-m)].
N =96, u=0.005,1=10, c=0.01.

associated with small sample sizes. Similarly, Rannala &
Mountain (1997) gave an empirical example in which three
of 12 aboriginal Australians (i.e. s = 12) were identified as
having recent immigrant ancestry. When we reanalysed
this file setting their program (IMMANC) to consider only the
current generation (as we are doing in this paper), all three
were identified as F;, immigrants (¢c=0.05). This biolo-
gically surprising result could be caused in part by a small
sample size bias, in addition to an excess of Type I errors
associated with Monte Carlo resampling methods (Fig. 1).
The data in Fig. 4, and the results of other explorations
(data not shown), suggest that sample size will need to be
close to 50 diploid individuals to avoid this bias for large
populations.

The last sampling parameter that we explored was the
number of loci sampled (I). With five loci, it may not be
possible to achieve the combination of power and immi-
gration rate required to make this technique practical.
However, we observed a dramatic increase in power by
doubling the number of loci, and a similar increase by
doubling the number again (to 20; Fig. 5). This is very similar
to results obtained in empirical assignment test studies
of polar bears, where the rate of correct assignment was
10% higher with 16 loci than eight loci, and 10% higher
with eight loci than with four loci (Paetkau et al. 1999). In
practice, one would be able to adjust the number of loci
to suit research needs and circumstances. For example, we
observed a nearly 50% decrease in power when going from
Nm = 3 to Nm = 5 with 10 loci, but this decrease could be
almost completely offset by using 20 loci at Nm = 5.

We have been reporting power as the proportion of F,
immigrants falling past the critical value. If one wishes to
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Fig. 5 Power observed with 5 (squares), 10 (triangles), 15 (diamonds)
or 20 (circles) loci. N = s =50, u = 0.0025, o= 0.01.

estimate migration rate by simply counting up the number
of individuals falling past the critical value (minus the
number of expected type I error), this is the most relevant
presentation of data. However, another type of question
would be to ask if there are biological differences, such as
age, size or sex ratio, between F, immigrants and residents.
To answer such questions, it may be sufficient to identify
two groups of individuals, one with a preponderance of F,
immigrants and the other comprising primarily residents.
In creating such groups, there may be a need to maximize
the proportion of immigrants in the group falling past the
critical value, at the expense of power. In statistical terms,
this is equivalent to minimizing the false discovery rate.
Some statistical procedures have been proposed to do this
in a reproducible manner (e.g. Benjamini & Hochberg
1995; Sabatti et al. 2003). Our simulations indicate that
more stringent critical values were best for this purpose.
For example, in Fig.2 (or=0.002 with missing alleles at
0.01) we witnessed a rapid decrease in power as Nm
increased beyond 1, but the proportion of Fjimmigrants in
the group that fell past the critical value remained in excess
of 0.9 up to Nm = 5 because there were so few type I errors.
In fact, while the figure would suggest little hope for the
general method at Nm = 15, 60% of individuals falling past
the critical value at this point were still F, immigrants.
Thus, even in extreme situations, it should be possible
to identify two groups, one made up of a majority of F,
immigrants and the other of a majority of residents. Any
of the data in our figures can be expressed in these terms
by calculating the expected number of type I errors [or* N *
(1 —m)] and the number of F, immigrants successfully
identified (power * Nm).
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system (squares, diamonds and circles, respectively), and
‘captured” in two of those populations (shaded and open symbols,
respectively). FO immigrants are indicated with arrows. The value
on the X-axis is L, for population A, and that on the Y-axis is L, for
population B. D, is the mean distance of individuals from the
diagonal centre line, which distance could be used as a test statistic
for a two population scenario (2 la Rannala & Mountain 1997). N
=5=>50, u=0.0025,1=15.

Predicting power

A researcher beginning the analysis of a data set is unlikely
to know N, Nm or any of the other parameters that might
affect power. Therefore, it would be helpful to have a way
to estimate how much power one is likely to have with a
given system of samples and markers. A good starting
point for predicting power is to plot genotype likelihoods
for the individuals from a given pair of populations
(Fig. 6). If there is a clear separation between the two
clusters of individuals, then one will feel confident in one’s
ability to identify animals born in one of these populations
and captured in the other, and there may be no need for
any more sophisticated analysis. However, in the more
likely event that the resolution is not perfect, it would be
useful to have a quantitative method of predicting power.
For example, Cornuet ef al. (1999) suggested that Fg might
be useful in this regard.

To address this issue, we recorded four measures of popu-
lation differentiation during our simulations (Fgp, D, (Bu)?
and D, ), and their utility in different contexts was explored
using data sets where N = s = 50, and where [ varied from
5 to 20 and the mutation rate (u) from 0.0025 to 0.02.
Normally one would not want a genetic distance measure
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to be affected by I, and indeed we found that the mean values
of Fgp, Dg and (8u)? were insensitive to changes in this
parameter (not shown). By contrast, D, ; increased as I, and
thus differences in likelihood, increased between pairs of
populations. While this is an undesired quality in the con-
text of measuring inherent genetic differentiation between
populations, it may be an asset in the context of predicting
the power of assignment methods.

In a population model without geneflow, the expecta-
tion of D¢ and (8u)? is the product of 211 and the time since
isolation (Nei 1972; Goldstein et al. 1995). Thus, it is no
surprise to see that these metrics produced larger values at
higher u. Similarly, since assignment methods are better
able to resolve between populations at higher u (Cornuet
et al. 1999; Estoup et al. 1998), it was no surprise that D,
increased with increases in u. By contrast, Fq showed
almost no sensitivity to y at Nm =7, although at Nm = 1
mean Fg was considerably lower at u = 0.02 (Fg; = 0.105)
than at u = 0.0025 (Fg; = 0.158), with intermediate values at
intermediate values of u1; a result consistent with previous
theoretical studies (e.g. Weir & Cockerham 1984; Rousset
1996).

Another consideration when comparing measures of
differentiation is precision. Across the series of data sets
where we compared distance metrics (28 series of 100 data
sets, each with 10 populations), the mean coefficient of var-
iation was relatively high for (8x1)2 (0.604), intermediate for
Dg (0.145) and lowest for Fg; and D, (0.099 and 0.095,
respectively). In short, if one wished to have a metric that
accurately reflected connectivity (Nm) between the popu-
lations we studied, there can be no doubt that Fg would be
the measure of choice. However, while Fg; tracked Nm
relatively well, it did not reflect the differences in power
that resulted from changing I or y. Thus, while Fg; has con-
siderable value as an estimator of N, it performs less well
as a predictor of power to detect F; immigrants.

To assess the performance of distance metrics as predic-
tors of power, we plotted power against genetic distance
for the 28 data series under consideration (Fig. 7). This
presentation made it clear that D, ; performed best at pre-
dicting power. In the data sets that we considered, a value
of D,  in excess of 5 was always associated with near maxi-
mum power to distinguish immigrants and residents, while
a value below 3 was associated with power of less than
0.5. This pattern held when examining other data sets
described in this paper. We suggest that a combination of
calculating D, ,, which provides the mean log likelihood
ratio for a pair of populations, and plotting genotype like-
lihoods, which gives a visual indication of variation
around that mean, will provide useful preliminary infor-
mation on whether there is enough power in a given sys-
tem to make detection of FO immigrants with assignment
methods feasible, and hence direct, real-time estimate of
migration rates.
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