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Abstract
Several methods have been developed to estimate the parental contributions in the genetic
pool of an admixed population. Some pair-comparisons have been performed on real data
but, to date, no systematic comparison of a large number of methods has been attempted.
In this study, we performed a simulated data-based comparison of six of the most cited
methods in the literature of the last 20 years. Five of these methods use allele frequencies
and differ in the statistical treatment of the data. The last one also considers the degree of
molecular divergence by estimating the coalescence times. Comparisons are based on the
frequency at which the method can be applied, the bias and the mean square error of the
estimation, and the frequency at which the true value is within the confidence interval.
Eventually, each method was applied to a real data set of variously introgressed honeybee
populations. In optimal conditions (highly differentiated parental populations, recent
hybridization event), all methods perform equally well. When conditions are not optimal,
the methods perform differently, but no method is always better or worse than all others.
Some guidelines are given for the choice of the method.
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Introduction
Populations can evolve more or less independently. This
depends on the number of individual migrations occurring
among them and determines how genetically distinct
the populations are. In some instances, populations which
have evolved separately for a long time come into contact
producing a hybrid population, the genes of which are a
mixture of the parental populations (Bernstein 1931). More
generally, we call admixture or introgression the incorporation of genes from one genetically distinct population
into another (Futuyama 1998) and this process appears to
have been quite common in the evolutionary history of
most species (Szymura & Barton 1986; Abernethy 1994;
Paetkau & Strobeck 1994; Paetkau et al. 1995; De Wayne
Shoemaker et al. 1996; Goostrey et al. 1998; Poteaux
et al. 1998; Goodman et al. 1999; Reich et al. 1999). Human
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populations have been no exception and it is worth
noting that, historically, the pioneering work on introgression was developed on our species, and particularly
to estimate admixture in black North Americans
(Bernstein 1931; Glass & Li 1953; Glass 1955; Roberts 1955;
Reed 1969).
Even if the first interest in admixture was mainly fundamental, many applied issues have recently taken advantage of the knowledge of the introgressive process. For
example, in medicine, studying admixture can provide
information on the inheritance of complex genetic diseases
(Chakraborty & Weiss 1988; McKeigue 1997). In biological
conservation, studying introgression can help to supervise
the efficiency of restocking (Giuffra et al. 1996) or, by contrast, evaluate the risk of genetic ‘pollution’ of native populations by the accidental introduction of alien individuals
(Cornuet et al. 1986; Wayne & Jenks 1991; Gotteli et al. 1994;
Ellstrand et al. 1999).
The study of introgression can be limited to the identification of parental population(s) (Glass 1955; Haig et al.
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1997; Nielsen et al. 1997; Reed et al. 1997). It can also be
extended to the evaluation of (i) the number and duration
of the admixture events (Glass & Li 1953; Roberts 1955;
Roberts & Hiorns 1962) and/or (ii) the different contributions of parental genomes to the admixed population
(Roberts & Hiorns 1965; Szathmary & Reed 1978; Parra
et al. 1998). The last point is most informative for characterization of the current state of the hybrid population
(Chakraborty 1986) and is the one we are interested in here.
Estimation of the genetic admixture proportion can be performed at the population level (Hanis et al. 1986) or at the
individual level (Reed 1969; McLean & Workman 1973). In
the former case, we are interested in the fraction of genes
in the admixed population that come from one or other
of the parental populations. In the latter case, it is the
proportion of loci in the genome of a single individual
that come from a parental population which is under
scrutiny. The most commonly used level is the population one (Chakraborty 1986) and this is the one considered
here.
Different methods have been developed to estimate the
genetic admixture proportion from genotypic data. Most
are based on the analysis of frequency data but differ in
the way allelic frequencies are used in computations.
For instance, one method (Chakraborty et al. 1991) considers only private alleles, i.e. those that are found in one
parental population and not in the other. Another method
(Chakraborty 1975) is based on average identity coefficients (within and between populations). Recently, a
method based on allele coalescence times rather than
allelic frequencies has been published (Bertorelle & Excoffier
1998). In any case, most of these methods have been
applied to experimental data sets. Some have been compared with one or other previously published method also
based on real data. However, no systematic comparison of
these published methods has been attempted so far. To be
systematic, the comparison must be made on a wide set of
well-defined situations and the only way to achieve this
is to use simulated data. Here we propose to compare six
methods that seem to be the most frequently used in the
literature from the last 20 years. All the data concern the
idealized case in which two parental populations, having
diverged for a certain amount of time, gave birth instantaneously to a single hybrid population some time ago. In the
simulations, we explored 648 situations that combine the
variation of six parameters. These parameters concerned
either the admixture scenario (amount of divergence of
parental populations, time since the admixture event, proportions of parental genetic pools in the hybrid population)
or the genotyping effort (sample sizes, number of loci). All
simulations were based on the coalescent process and were
designed essentially for microsatellite loci. Eventually,
each method was applied to a microsatellite data set collected on the introgression zone between the French (Apis

mellifera mellifera) and Italian (A. m. ligustica) subspecies of
honeybees.

Materials and methods
The hybridization model
We considered the simple hybridization model presented in
Fig. 1. An ancestral population P0 splits into two parental
populations P1 and P2, which evolve separately for g0 generations and give birth instantaneously to a single hybrid population H. A proportion λH of the genetic pool of the hybrid
population comes from population P1 and a proportion (1 −
λH) from population P2. The parameter λH is the admixture
proportion at the time of the hybridization event. The three
populations then evolve separately for g1 generations until the
present time. Evolutionary forces such as genetic drift or
mutation can modify allele frequencies (selection is not
considered here). We thus call λP the admixture proportion
at the present time, i.e. λP is the current proportion of genes
descending from P1 in the hybrid population sample.

Fig. 1 The admixture model. An ancestral population P0 splits
into two parental populations P1 and P2, which evolve separately
for g0 generations (period B). These two populations then mixed
instantaneously producing a hybrid population H. The three
populations evolve separately for g1 generations until the present
time (period A). The introgressive rate λH is the proportion of
genes coming from population P1.
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955 – 968
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Data simulation
The data were simulated in two steps. The first consisted
of building a coalescent tree of genes using the coalescent
process in isolated populations following Simonsen et al.
(1995). As usual, the coalescent tree was built backward
in time from the present to the time of the most recent
common ancestor (MRCA). At the generation at which
hybridization occurred, the ancestral lines of the hybrid
population sample of genes were added to those of population P1 with probability λH (and to those of population P2
with probability 1 − λH, respectively). Note that we kept
track of the origin (population P1 or P2) of sampled genes in
the hybrid population, in order to compute the value of λP.
Once the tree had been built, the second step consisted in
adding the mutation events. The number of mutations was
simulated along each branch of the tree according to a Poisson
distribution with parameter Lµ (L = length of the branch in
generations and µ = mutation rate). The mutation rate was
allowed to vary among loci following a gamma distribution
with an average of 6.2 × 10 − 4 and a variance of 1.922 × 10 − 7
(Estoup et al. 2001). At each mutation event, a bounded (41
states) and symmetric generalized stepwise mutation model
(GSM) was applied. In this model, the step size followed a
geometric distribution the variance of which was drawn from
an exponential with average equal to 0.36 (Estoup et al. 2001).
Genotype data were simulated independently for each
locus. Monomorphic loci were immediately discarded so
that, in the following, the number of loci always refers to
the number of polymorphic (i.e. useful) loci.

Description of methods
The first four methods use allele frequencies and are based
on Bernstein (1931)′s equation which expresses the frequency
p(ih) of allele i in the hybrid population as a linear combination of the allele frequencies p(i1) and p(i2) in the two parental
populations:
p(ih) = λ p(i1) + (1 − λ )p(i2) .

(1)

Note that this equation is true at the time of the hybridization event, i.e. with λ = λΗ. More or less implicitly, the
four methods assume that allelic frequencies are stable (no
drift, no mutation) such that the admixture proportions
(λP) estimated on current allele frequencies are representative of the admixture (λH) that occurred at hybridization time. In describing the method principles, we will then
drop the subscripts P or H and keep only the symbol λ.
Method of gene identity (GI). Starting from eqn 1, it is easy to
deduce a similar relationship with gene identities
(Chakraborty 1975, 1986). Let J11, J12 and J1h be the arithmetic
means over all loci of the probabilities of gene identity
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955–968

within population P1, and between populations P1 and P2
and populations P1 and H. Then eqn 1 can be written in
the following form:
J1h = λ J11 + (1 − λ ) J12
from which we get λ = ( J1h − J12)/( J11 − J12)
Thus, estimations of gene identity coefficients lead to a
straightforward estimation of the genetic admixture proportions λ. Note that a symmetric formula can be obtained
by permuting populations: J2 h = λ J12 + (1 − λ)J22, leading to
λ = ( J2 h − J22)/( J12 − J22).
When possible, both estimates were combined by taking
the arithmetic average. The original article (Chakraborty
1975) provided only a standard error of the estimate.
Although we could have built a confidence interval from
this standard error, we preferred to compute it through a
bootstrap procedure over loci (1000 repetitions).
Method of least square regression (LS). For any allele, eqn 1
can also be written as:
p(ih) = λ ( p(i1) − p(i2) ) + p(i2)

(2)

in which the admixture proportion λ can be regarded as
the slope of a linear regression. The use of a least square
regression to estimate the admixture proportions was first
suggested by Roberts & Hiorns (1962, 1965) and successively improved by Elston (1971), Long & Smouse (1983)
and Long (1991).
Over I independent alleles (i.e. total number of alleles
minus total number of loci), the slope λ can be estimated by
the classical least square regression formula:
: = (xT V−1 x) −1 x T V−1y

(3)

in which xT is the transposed of the vector x of elements {xi}
= p(i1) − p(i2) , y is the vector of elements {yi } = p(ih) − p(i2) ,
V is a variance–covariance matrix with diagonal elements {Vii} = πi(1 − πi)/n(h) and off-diagonal elements {Vij} =
−π i πj /n(h) or 0 whether alleles i and j belong to the same
locus or not, π i being the expectation of p(ih) approximated
by λ( p(i1) − p(i2) ) + p(i2) (eqn 2) and n (h) the number of sampled
genes in the hybrid population at the locus to which belong
alleles i and j. Because λ appears in both sides of eqn 2, the
solution is obtained through successive iterations (Long
1991). A confidence interval was built using the standard
error of the estimate (eqn 4 in Long 1991). The correction for
small samples in the computation of the matrix V (eqn 16
in Long 1991) was systematically applied (Cavalli-Sforza &
Bodmer 1971; Long & Smouse 1983).
Method of Madansky’s regression on private alleles (PA).
Neel (1973) introduced the term ‘private allele’ to name
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alleles which are present in only one group of individuals.
The interest of private alleles for estimating λ is essentially
to simplify eqn 1 which reduces to p(ih) = λ p(i1) . Various computational approaches have been used (Szathmary & Reed
1978; Byard et al. 1985; Chakraborty 1986; Williams et al. 1986).
We focused on Chakraborty et al.’s (1991) approach based
on Madansky’s (1959) estimator which would have a better
behaviour that the least square regression when covariates
(private allele frequencies in parental and hybrid populations) are both estimated with potentially substantial
errors. A confidence interval was built according to eqn 13
of Chakraborty et al. (1991). Whenever possible, estimates
were obtained by considering successively the alleles
private to P1 and the alleles private to P2. Both estimates
were combined, weighted by the inverse of their respective
variances:
:1
1 − :2
1
1
+
+
σ2 ( :1 ) σ2 ( : 2 )
σ ( :1 ) σ ( : 2 )
and; ( : ) =
:=
1
1
1
1
+ 2
+ 2
2
2
σ ( :1 ) σ ( : 2 )
σ ( :1 ) σ ( : 2 )
where :1 and :2 are the estimates of λ when considering
alleles private to P1 and P2, respectively.
Method of the maximum likelihood of hybrid genotypes (ML).
Like the least square regression, this method was one of
the very first used to estimate the genetic admixture
proportions (Krieger et al. 1965; Roberts & Hiorns 1965;
Elston 1971). Although several methodological improvements have been proposed (see the reviews of Korey 1978
and Chakraborty 1986), the basic idea of this method is
quite simple. The likelihood of the hybrid sample individual genotypes is expressed as a function of the parental
population allele frequencies and the admixture proportion.
The estimate of the admixture proportion is then the parameter
value, which maximizes the likelihood. For instance, consider two alleles i and j of a given locus k of an individual
l drawn from the hybrid population sample. Eqn 1 gives
p(ih) = λ p(i1) + (1 − λ )p(i2) and p(jh) = λ p(j1) + (1 − λ )p(j2) . Assuming Hardy–Weinberg equilibrium, the likelihood of genotype
gkl is equal to [ λ pi(1) + (1 − λ ) pi(2) ]2 if gkl is homozygous for
allele i and equal to 2[ λ pi(1) + (1 − λ ) pi(2) ][ λ p(j1) + (1 − λ ) p(j2) ]
if gkl is heterozygous for alleles i and j. Considering only
genetically independent loci, the likelihood of a multilocus
genotype is the product of the likelihood at each locus and
the likelihood of the total hybrid population sample is
obtained by multiplying likelihoods over individuals. The
maximum likelihood estimation can be solved analytically
(Krieger et al. 1965; Roberts & Hiorns 1965; Elston 1971) or
numerically when the analytical computation becomes too
complex (Destro-Bisol et al. 1999). The second option was taken
here. A confidence interval of the value of : was computed
using a bootstrap procedure over loci (1000 repetitions).

Method of coalescence times (CT). More recently, Bertorelle
& Excoffier (1998) developed a new method based on a
coalescent approach which explicitly takes into account
molecular information as well as gene frequencies. The
idea is to consider the mean coalescence time for a pair of
genes, one gene sampled in the hybrid population and the
other in one parental population. For any such pair,
ancestral lines of the two genes can coalesce in two ways.
Either the ‘hybrid’ gene ancestral line switches to the same
parental population as the second gene of the pair and both
can coalesce from the hybridization event (looking backward
in time). Or it switches to the other parental population
and they will coalesce only in the ancestral (P0) population
(Fig. 1). Depending on which parental population is
considered, the probability of the first event is simply λ or
1 − λ, the reverse occurring with probabilities 1 − λ and λ,
respectively. Combining these relationships, Bertorelle &
Excoffier (1998) provide several estimators among which
one performs better (mY, eqn 2 in Bertorelle & Excoffier
1998). Only the latter was used in our computations. We
also followed Bertorelle and Excoffier’s suggestion of
considering the average squared difference in allele size as
an estimate of coalescence time for microsatellite data. Note
that this assumes a strict single-step stepwise mutation
model (SMM). A confidence interval of the value of :
was computed by a bootstrap procedure over loci (1000
repetitions).
Monte Carlo Markov chain method (MC). Chikhi et al. (2001)
proposed a different approach also based on coalescence
theory. It combines importance sampling and Monte
Carlo Markov chain methodologies. Given the evolutionary
scenario of Fig. 1 and fixed values of relevant parameters
(effective population sizes, admixture coefficient and time
of hybridization), an importance sampling (IS) scheme
(inspired from Griffith & Tavaré 1994) is designed to
estimate the combined probability of the three observed
gene samples. It performs a backward simulation of the
coalescence tree of lineages starting from the sampled genes
and ending just before (forward in time) the hybridization
step. The IS scheme computation is then completed by
considering that the vectors of allelic occurrences in the
parental populations are draws from a multinomial–
Dirichlet. Initially, a uniform multinomial–Dirichlet with
coefficients all equal to one was applied (as it is in the
available software). However, we abandoned this prior
distribution parameterization because, at marginal value
of λ, it produced a significant bias in conditions whereas all
other methods were practically unbiaised: recent admixture,
highly differentiated parental populations. To reduce the
bias, we decided to take the Dirichlet coefficients equal to
the inverse of the total number of alleles, as in Rannala &
Mountain (1997). In the process of simulating backward
in time the genealogy of sampled genes, lineages are
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955 – 968
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randomly distributed between the two parental populations in the IS scheme used in the current version of the
available software (lea at http://www.pge.cnrs-gif.fr/
bioinfo/lea/). This can be inefficient when parental populations are highly differentiated. In our study, we introduced
an IS step, which largely improves the efficiency of the
algorithm (manuscript in preparation). The IS scheme is
embedded in a MCMC setting allowing to obtain samples
from posterior distributions of the relevant demographic
parameters (time of admixture scaled by effective populations sizes and admixture proportion). The aforementioned improvement of the IS scheme resulted in a better
mixing, thus reducing the duration of the analysis. All runs
were performed with a burn-in period of 1000 iterations
and 1000 values of each parameter were sampled with a
thinning of 10 iterations. We chose the median as a point
estimate and use 5 and 95% quantiles as limits of the
confidence interval.

Comparing the methods
Simulated data were produced under different values
of four biological and two experimental parameters. The
biological parameters concern the effective size (Ne) in
number of diploid individuals of the three populations (for
the sake of simplicity, we chose to take the same Ne for the
three populations), the amount of divergence in number of
generations of parental populations (g0), the time in number
of generations since the introgression event ( g1) and the
admixture proportions at the time of the introgression
event (λH). The experimental parameters (sample sizes and
number of loci) convey the genotyping effort. The values
taken by the six parameters in our study are presented in
Table 1. Eventually, 648 combinations of parameters were
used and for each of them 100 data sets were simulated and
analysed using the six methods.
Each method was evaluated according to five criteria: (i)
the applicability, expressed as the percentage of times the
method successfully produced a complete and adequate
Table 1 Values taken by the parameters in the simulations.
Biological parameters include the effective size (Ne) in number of
diploid individuals, divergence time (in number of generations) of
parental populations (g0), the time (in number of generations)
since the introgression event (g1) and the admixture proportion at
the time of the introgression event (λH). Experimental parameters
are the number of loci (nloc) and the sample size (ss). All 648
combinations of the six values were simulated 100 times
Ne

g0

g1

λH

nloc

ss

10
100
1000

100
10 000
1 000 000

1
10
100
1000

0.1
0.5

5
10
20

10
30
90
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result. By complete we mean that the result includes an
estimate of λ and a confidence interval of this estimate and
by adequate, we mean that the estimate of λ is expected
to lie between 0 and 1. As we see later, methods are not
always applicable; (ii) the mean bias computed as the mean
difference (over the 100 simulated data sets) between the
estimate and the real value; (iii) the mean square error
(MSE) of λ estimates, a usual criterion for precision; (iv)
and (v) the confidence interval (CI) success expressed as
the proportion of times the confidence interval contained
the true value of λH and λP, respectively. Because a 90%
confidence interval was computed for all methods, the
expected value of the last two criteria was 90%.

Results
The results of the analysis of the 64 800 data sets are
tentatively summarized in Figs 2 and 3. Figure 2 provides
performances of the methods as functions of the biological
parameters, averaged over the number of loci, sample sizes
and repetitions (each dot is the average of 900 data sets). In
Fig. 3, the performances are presented as functions of the
genotyping effort, averaged over the biological parameters
and repetitions (each dot representing the average of 3600
data sets).

Effects of biological parameters
A general and positive outcome is that, under optimal
conditions (recent hybridization and highly differentiated
parental populations), all five methods were applicable
and provided rather unbiased and precise estimates of
admixture proportions. However, when departing from
these conditions, substantial bias and losses of precision
sometimes occurred and consequently, confidence intervals
partly lost their credibility. We also observed that the
method PA was often inapplicable, especially when the
effective size was low to medium and when the hybridization event was not recent (Fig. 2A and B, first column).
We analyse below the main effects of the various biological
parameters.
Parameter λH had a visible impact on all criteria, the least
affected being the applicability. Figure 2 illustrates this
by summarizing information for two ‘extreme’ values of λH
(λH = 0.1 and λH = 0.5, hereafter referred to marginal and
central values, respectively), in Fig. 2A and B, respectively.
The mean bias was essentially positive for λH = 0.1,
whereas it was negligible for λH = 0.5. At marginal values
of λH (i.e. at λH = 0.1), a low differentiation (e.g. g0 = 100)
led to a substantial positive bias that grew with time since
hybridization ( g1) for all six methods (Fig. 2A). As a consequence of these large biases, there was an important
decrease in precision (large MSE) and in λ CI successes
(Fig. 2A). For example, with a 1000-generation-old
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Fig. 2 Effects of biological conditions. The five criteria of appreciation for the five methods are presented for Ne = 10, 102 and 103 individuals,
g0 = 102, 104 and 106 generations and g1 = 1, 10, 102 and 103 generations (from bottom to top on each curve). See text for details on each criteria
of appreciation. Parameter λH is the admixture proportion at the time of the hybridization and λP is the current proportion of genes
descending from P1 in the hybrid population sample (modified from λH by genetic drift). Each point of the curves is a mean over the nine
combinations of the three other parameters which are the introgressive rate and the numbers of loci and individuals studied. The methods
are the gene identity (g), least square (l), private alleles (p), maximum likelihood (m), coalescence times (c), and Monte Carlo Markov chain
(x). The dashed vertical line in the second column corresponds to a bias equal to 0 and the dashed vertical line in the last column corresponds
to the 90% which is the expected value according to the chosen type-I error. Each point for which applicability was < 50% was not
represented on the graph. A: λH = 0.1, B: λH = 0.5. Coloured versions of Fig. 2A and B are available at www.montpellier.inra/CBGP/
progrechCornuet.htm.

hybridization, the GI method confidence interval bracketed
the true value on < 20% of occasions.
We used three levels of differentiation of parental populations (low: g0 = 102 generations, medium: g0 = 104 generations and high: g0 = 106 generations). At low differentiation,
performances were reduced whatever the criterion. This was
especially true when λH was marginal. For instance, when
Ne = 103, the MSE was much larger and the λ CI successes
farther from the expected 0.9 than when differentiation
was higher. However, performances were rather similar
when comparing medium and high levels of differentiation. Performances increase with the differentiation of the
parental population but there is a differentiation threshold
over which performances reach a plateau. In our conditions,

the threshold is reached in about 104 generations after
divergence.
When the hybridization event got older, the precision
and hence the λ CI successes generally decreased, but not
necessarily the applicability or the relative bias (Fig. 2B).
For some methods, the performances ceased to decrease or
even re-improved when the hybridization age increased
over 102 generations. Note that it is observed essentially
when parental populations diverged recently (g0 = 10 2
generations). Actually, in the latter case, the time spent
since the hybridization ( g1) adds to the initial divergence
time (g0) for differentiating parental populations. In the
extreme case (g1 = 103 generations), parental populations
had a divergence time 11 ([100 + 1000]/100) times longer
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955 – 968
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Fig. 2 Continued

than if they were sampled at the generation following
hybridization. However, this effect was not identical for all
methods and all criteria.
The effective population size had also some impact on
the performance of the methods, especially when differentiation was low. At large effective sizes (Ne = 103), low differentiation ( g0 = 102 generations) and marginal λΗ, there
was a substantial (positive) bias for all methods and the
precision (MSE) and CI successes decreased dramatically.
This was observed even for most recent hybridizations
(one generation old).

Effects of the genotyping effort
Increasing the genotyping effort generally improved the
performances of the methods (Fig. 3A and B for λH = 0.1
and 0.5, respectively). However, the improvement is very
limited when genotyping more than 30 individuals per
population. Relatively unbiased and precise estimates
can even be obtained with only 10 individuals per population and 10 loci. Note that some methods performed worst
on average with higher numbers of loci. This is clearly a
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955–968

consequence of the systematic bias observed at marginal
admixture values and low differentiation of parental populations. In these conditions, adding loci will not reduce the
bias at all, but will produce the opposite effect of reducing
the λ CI around a false (biased) estimate.

Application to real data set: Honeybee populations in the
Alps
European honeybee populations are profoundly differentiated in two evolutionary branches named C and M that
diverged around 1 Ma (Garnery et al. 1992) corresponding
to ~5 × 105 generations. However, natural hybridizations
occur along the Alpine arc between the Italian subspecies
Apis mellifera ligustica (branch C) and the West European
subspecies A. m. mellifera (branch M) (Franck et al. 2000).
Furthermore, the recurrent introduction of A. m. ligustica
queens for > 50 years by beekeepers in France has substantially modified the genetic composition of French
A. m. mellifera populations (Garnery et al. 1998).
Admixture proportions were estimated in four populations collected along a transect across the Alps (St.
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Fig. 3 Effects of experimental conditions. Each value of Ne corresponds to a pair of lines. For each pair of lines the upper graphs represent
one appreciation criterion (y axis) as a function of the number (nloc) of loci studied (x axis) and the lower graphs represent the same
appreciation criteria (y axis) as a function of the number (ss) of sampled individuals (x axis). Parameter λH is the admixture proportion at
the time of the hybridization and λP is the current proportion of genes descending from P1 in the hybrid population sample (modified from
λH by genetic drift). Each point of the curves is a mean value over the 12 combinations of the values of the parameters g0, g1. The methods
are the gene identity (g), least square (l), private alleles (p), maximum likelihood (m), coalescence times (c), and Monte Carlo Markov chain
(x). Each point for which applicability was < 50% was not represented on the graph. A: λH = 0.1, B: λH = 0.5. Coloured versions of Fig. 3A
and B are available at www.montpellier.inra/CBGP/progrechCornuet.htm.

Vincent and Courmayeur in the Aosta Valley and Bourg St.
Maurice and Annecy in Savoy) and in one population
from southwestern France (Sabre). A pure A. m. mellifera
population was collected in a sanctuary of the black honeybee in French Brittany (Ouessant). A pure A. m. ligustica
population was sampled in Emily Romagne (Forlì) which
is the main region that rear and export Italian honeybee
queens. These last two samples were considered as the parental

references. The sampling populations were genotyped at
eight microsatellite loci (A113, A28, A43, A8, A88, Ap43,
B124 and A24) previously described by Estoup et al. (1995)
and Franck et al. (1998).
The methods gave similar but different estimations
of admixture proportions in each locality, the difference
between extreme values reaching 0.2 in most cases (Fig. 4).
However, each method ranks population estimates in the
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955 – 968
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Fig. 3 Continued

same order. St. Vincent and Courmayeur are on the natural
hybridization zone between the two subspecies. It is thus
no surprise to find the highest proportion of ligustica genes
in these populations. Moreover, in St. Vincent, which is
located 50 km downstream of Courmayeur, estimations
are clearly higher than in Courmayeur (~0.90 vs. ~0.70).
Admixture estimations in Bourg St. Maurice and Annecy
are quite similar (between 0.10 and 0.20). In Sabres introgression seems to be very low (< 0.10) which confirms the
fact that in this place the French honeybee is considered to
be very little admixed (Cornuet et al. 1982). Note that no
value was obtained for Sabres when using the private
allele method. Note also that in four of five populations,
Chikhi et al.’s (2001) method provided more extreme
admixture values. This is consistent with the observation
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955–968

that the MC method always shows less bias towards
central values than any other method (cf. Fig. 2A).

Discussion
Applicability
When estimation methods are compared, it is generally
assumed that computation is achievable. In our case, and
for any of the five methods, there were situations in which
computations aborted. This is why we introduced the
criterion of applicability, which included two features
of different significance. One is a measure of how often
computations did not fail in providing an estimate of λ.
The second is the frequency at which the estimate of λ
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Fig. 4 Estimates of the introgressive rate of Apis mellifera ligustica
within A. m. mellifera for five honeybee populations based on
microsatellite data. As parental populations we used one from
Ouessant French Brittany (49 individuals) for A. m. mellifera and
one from Forlì in Central Italy (19 individuals) for A. m. ligustica.
The number (n) of individuals sampled in each locality is written
under the name of the city. Estimations were performed on a
dataset of height microsatellite loci (see text). The small horizontal
bar is the estimation and the vertical line represent the confidence
interval (α = 0.10). Methods used are, from left to right: gene
identity (g), least square (l), private alleles (p), maximum
likelihood (m), coalescence times (c) and Monte Carlo Markov
chain method (x).

decreased to outside the expected [0; 1] interval. A special
analysis was performed on a restricted sample of simulated
data sets including all combinations of parameters but
with only 10 repetitions instead of 100. This showed that all
‘failures’ of methods GI and CT were because estimates of
λ were not in the [0; 1] interval. An estimate of λ of, for
example, −0.1 or 1.05 would not be a real problem on actual
data. So why use such a ‘severe’ criterion and reject
outliers? When inspecting these outliers, we saw that they
took values on a very large interval ([−20; +26.5] for GI and
[−103; +36] for CT). If we kept all these values, the most
erratic outliers would have had the largest impact on
average biases, potentially altering our appreciation of the
real performances of the methods. Another possibility
would have been to set to 0 negative estimates and to 1
those > 1. However, we think that it is better to be aware
that these methods can lead to values that are far from the
[0; 1] segment and to have an estimation of how often they
do so. In our conditions, the GI and CT methods provided
an estimated value outside [0; 1] in 11.5 and 12.6% of
simulated data sets, respectively. With both methods, this
occurred more often with a larger Ne, a smaller differentiation, an older hybridization time, smaller number of loci
and smaller sample size. Concerning method CT, a possible
explanation of values outside the [0; 1] segment might be
the use of a different mutation model (bounded GSM) in
the data simulation than the one assumed in the mY
formula (strict SMM). Only under the strict SMM is the
time of coalescence proportional to the squared difference

of allele sizes. Multi-step changes due to GSM will provide
overestimated times of coalescence and possibly set the
estimator mY outside the expected [0; 1] segment. Method
ML does not suffer from the same problem because the
estimate of λ is constrained to the [0; 1] interval in the
computations. The only situations where computations
failed were when all the alleles sampled in the hybrid
population were private to this population (the likelihood
of genotypes were then equal to 0 for any value of λ). The
occurrence of such a situation was very low (0.04% in our
tests). It was highly favoured by a low number of loci, a
low effective population size and an old hybridization
event. Methods LS and PA mainly failed for computational
reasons. Method LS involves the inversion of a matrix and
it essentially failed because the pivot happened to be null
(in 3.14% of our tests). Note that this failure occurred more
frequently at marginal values of λ (6.92% at λ = 0.1 vs.
1.26% at λ = 0.5). Eventually, method PA proved to be the
most problematic, reaching almost 0% applicability in
some situations (old hybridization event and low effective
sizes). We observed 11 possible types of error among
which the absence of private alleles was only a minor
reason as it led to failure in only 0.04% of our tests. Far
more common reasons were failures in the computations
themselves such as null denominators. This occurred for
instance when, in the reference parental population, all loci
were monomorphic for their own private alleles or when
private allele frequencies were all equal either in the
reference parental population or in the hybrid population.
These situations occurred particularly with low effective
population sizes which increase the occurrence of monomorphic loci. As expected, increasing the number of loci
decreased the probability of such situations: the relative
frequency of such errors in our tests decreased from 60%
with 5 loci to 1% with 40 loci. In addition to these computation failures, method PA also suffered from frequent
outliers in the estimation of λ (in ~30% of our tests). As a
consequence of its low applicability, the performances of
method PA had a less stable behaviour in a few situations
because performances were estimated on a largely reduced
sample of data sets. In line with results on simulated data
sets, this method failed in one population over five (the one
with the more extreme admixture value according to all
other methods) in the honeybee data set.
At the other end of the spectrum, method MC always
provided an estimate of admixture proportion between 0
and 1. However, a different problem arose. In ~10% cases,
the Markov chains did not mix well and became stuck at a
likelihood maximum, resulting in a poor estimation of the
quantiles (e.g. the 5 and 50% quantiles were identical). This
poor mixing was more frequent with a higher number of
loci and/or a higher sample size, as expected because
the likelihood decreases sharply when the number of
loci × individuals increases. Less evidently, the poor mixing
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frequency also increased with the effective population size,
with the level of differentiation of parental populations
and with the time since admixture. Note, however, that all
these conditions imply a lower likelihood mainly because
they favour a higher total number of alleles.

Present (λP) vs. hybridization time (λH) admixture
proportions
For clarity’s sake, we distinguished two admixture proportions, one at the time of hybridization (λH) and one in
the present-day hybrid sample (λP). To be exhaustive, we
should have also considered the admixture proportion in
the present-day population. However, the five methods do
not make clear distinctions among these possible definitions.
Because they use present-day data (allele frequencies for
five of them and also allele states for method CT), they
actually estimate λP. With neutral markers, allelic frequencies can fluctuate at random, but they keep constant
expectations across generations and so does parameter λ.
Because of these fluctuations, the precision of the estimation of λH from present-day data is expected (i) to be lower
than that of λP and (ii) to decrease with the number of
generations since hybridization. In our tests, we computed
the relative bias and MSE considering both definitions and
found negligible differences between them when averaging like in Figs 2 and 3 (remember that points represent
averages of 900 and 3600 data sets in Figs 2 and 3,
respectively). However perceptible differences exist on
each individual result and this is why CI successes were
generally higher for λP than for λH. It is interesting to notice
that in optimal and suboptimal conditions and for several
methods (e.g. LS, ML, GI and MC), confidence intervals
include almost 100% the true value of λP, whereas they
include generally less than the expected 90% the true value
of λH.

Bias
When used under optimum conditions, no method is
intrinsically biased. However, when the real value is
marginal, a systematic bias towards central values of the
admixture proportion (Figs 2A and 3A) occurs as the admixture gets older. This is logical because when the available
information decreases, the admixture proportion tends
to the average (0.5) of a uniform distribution over [0; 1].
For the same reason, there is virtually no bias when the
admixture proportion is close to 0.5 (Figs 2B and 3B).
Initially, we found a negative bias in several methods (GI,
PA and LS). To avoid this bias, we had to modify these
methods slightly by performing the computations in the
two possible directions (taking each parental population as
a reference) and averaging the results. For method MC, the
coefficients of the prior distributions (Dirichlet) of parental
© 2004 Blackwell Publishing Ltd, Molecular Ecology, 13, 955–968

allele frequencies were modified. The initial coefficients
(= 1) produced a negative average bias of the admixture
proportion which could reach 0.07 in the worst conditions
(Ne = 103 and g0 = 106). Coefficients equal to one correspond to the situation in which all prior configurations
of allelic states of ancestral lines are equally frequent.
Although such a prior distribution is often proposed for
allelic frequencies, it does not seem well suited. Some
authors (e.g. Rannala & Mountain 1997) preferred to use
coefficients that are the inverse of the number of alleles,
corresponding to a more U-shaped distribution of allelic
frequencies. This is why we redid the computations with
such values of the Dirichlet coefficients. This proved to be
much more satisfactory, especially for large values of Ne.
However, some residual bias is still visible for small values
of Ne. This change of the Dirichlet coefficients is pretty ad
hoc and it is clear that a more convincing way of dealing
with this step of the method is needed.

Comparison of methods
As already mentioned, all six methods perform equally
well under optimal conditions (highly differentiated
parental populations and recent hybridization event).
However, they can display very different performances
when departing from these optimal conditions. We will
review shortly the positive and negative characteristics of
each method.
Gene identities. In our tests, this method had good performances at central admixture proportions (λH = 0.5): it
provided unbiased and precise estimates in most situations, especially when effective population sizes are small
and the hybridization is old, although in the latter case, the
confidence interval success for estimating the current
admixture (λP) is below expectation. When the admixture
proportions are more marginal (λH = 0.1), this method
appeared to be in the middle range for bias and precision,
but the λ CI successes decreased dramatically when the
hybridization age increased beyond 100 generations. Note
that this method was mainly applied on racial admixture
between Black and White North Americans, an admixture
which occurred not more than 15 generations ago. Also,
parental populations are well differentiated and the
admixture is thought to be rather high (between 25 and
50%) (Chakraborty 1986). Unless the admixture is high and
the hybridization is recent (within the 50 last generations),
this method provides less trustable estimations and therefore should not be applied (Korey 1978).
Least square regression. In most cases, this method performs
satisfactorily. This might be one of the causes of its longtime success (Roberts & Hiorns 1962, 1965; Elston 1971; Long
& Smouse 1983; Long 1991). However, it is not always
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applicable, especially with marginal admixture (λH = 0.1),
small effective sizes and old hybridization.
Private alleles. The main drawback of this method is its
poor applicability, which decreases sharply when the
admixture gets older. This is especially true when the
effective sizes (Ne) are low. When Ne is too low, not only
can this method be applied in only a very few number
of cases, but it also gives biased estimations and its
confidence interval is so large that it is of no practical use.
One cause of this may be that when the effective sizes are
too low, genetic drift becomes so high that private alleles in
the hybrid population disappear quickly.
Maximum likelihood. This method is very applicable. This is
simply because, in our algorithm, the maximum likelihood
is numerically sought within the interval [0; 1]. The only
cases where computations fail are when parental populations have identical allele frequencies at all loci. This occurs
mainly (if not only) when loci are fixed for the same allele,
a situation favoured by small effective population sizes
and low divergence times between parental populations.
Its bias and standard deviation are always among the best,
which certainly makes this method one of the most often
advised (Krieger et al. 1965; Roberts & Hiorns 1965; Elston
1971; Korey 1978). The best point of this method is that the
bias stays at a low level even for ancient hybridization,
point already noted by Korey (1978). Note however, that
for the last criterion (λH CI success) this method ranks among
the worst when admixture is old and differentiation is low.
Coalescence times. This method is among those that give
the lowest bias except when differentiation is low. Like
Bertorelle & Excoffier (1998), we note that the bias is low
even for ancient hybridizations. It also provides confidence
intervals that are generally closest to the expected score of
90% for λH CI success. Yet, the interval length is not particularly high. However, again like Bertorelle & Excoffier
(1998), we note a slightly higher variance of the estimations
given by this method and this is certainly its main although
minor drawback. All in all, this method appears to be a
good choice in most situations.
Monte Carlo Markov chain method. This method takes much
longer than the five preceding methods, even with the
improvements achieved here. However, there is no definite
advantage of choosing the MC method. The only clearly
superior feature is its 100% applicability. The fact that
the Markov chain can ‘stick’ from time to time is not a drawback per se because there are known simple remedies,
for example, increasing the number of iterations of the
importance sampling scheme (which was arbitrarily set to
50 in our study) or recomputing the likelihood at each
proposed value of the admixture proportion. It is probable

that the performance of this method would have been
increased slightly if the sticking had been avoided. Having
said that, one has to recognize that the performance is
generally among the best. The method performs better for
marginal admixture proportions, especially with a low Ne
and a low differentiation of parental populations (upper
row of Fig. 2A), i.e. a situation where other methods
behave rather badly.
The methods assayed in this are necessarily partial. An
article published at the time we were finishing our study
(Wang 2003) provides another maximum likelihood-based
method that seems superior to some of the methods
assayed here. Like Chikhi et al.’s (2001) MC method, it is
based on the computation of the likelihood of the samples,
but instead of using a sampling scheme, it uses the transition matrix method to compute the probability of observed
allele frequencies. Several tricks are used to lower the computational load, so that computations are fast enough.
Also, the genealogical scheme is considered up to the
ancestral population of the two parental populations. The
method can be adapted to various situations of admixture
(more than two parental populations, admixture due to
constant migration).
Wang’s (2003) method is a pure drift method like the
other methods studied here, except the CT method. When
considering highly variable markers such as microsatellite
loci, mutations may have some impact on estimations. Of
all the methods considered (except CT), the MC is the only
one that can readily incorporate mutations, by changing
the importance sampling scheme. because this method
needs further improvements to get rid of the residual bias
evidenced here, why not looking for a new MCMC method
before making further comparisons?
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