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The estimation of population parameters from genetic data can help reveal past
migration patterns or past population sizes. The transformation from raw genetic
data to population parameters needs a model, which should reflect the true
relationships between subpopulations. Often the models are overly simplified and do
not allow, for example, for differences in population sizes and differences in
migration rates. I stress here the point that it is important to consider possible
asymmetries in migration rates and differences in population sizes. Very recently
several estimators based on the direct use of allele frequencies and based on
coalescence theory have been developed. All these outperform migration rate
estimators based on FST.

1. Introduction
The estimation of population parameters such as population size and migration rates
between subpopulations of a species is crucial for many ecological studies. Two very
different approaches to estimating population parameters are in use: (1) direct methods
using direct observations or radio-telemetry data of migrating individuals, and (2) indirect
methods using genetic data from samples of individuals in several subpopulations for the
inference of migration rates. Direct methods can help to determine the migration pattern of
individuals during the study, and can deliver information about very recent history. Under
the assumption that the few tracked individuals are picked at random and that their
movements are not artefacts of the study, these data can give interesting insights into the
migration pattern of a specific population. Limits are also evident, however: small
migration rates are undetectable and the accuracy of the parameter estimates is small when
the study is based only on a few individuals. If the study is too short and not repeated we
cannot know if the migration pattern we observed was accidental or is general. Current
progress in establishing the relationship between individuals using DNA finger-printing
may help to generate accurate information about very recent migration patterns. Using these
methods, it is simple to increase the number of individuals studied and to make estimates
that are less dependent on the length of the study, because one uses the shared genetic
history of parents and offspring. In the future DNA finger-printing will certainly provide a
valuable tool for the detection of very recent migration pattern between small populations
Bossart & Prowell 1998).
I will concentrate on indirect methods that also are based on genetic history. They do not
assume that we can find parent-offspring pairs, but instead use probabilistic models. The
array of possible markers is large and can include allozymes, restriction length
polymorphism, microsatellites, or protein or DNA sequences. These genetic data are then
the basis for our inference of migration patterns. This chapter focus on models for discrete
populations and their assumptions, interested readers may find more information about the

influence of different data types on the analysis in Neigel (1997). For some of these
methods we first estimate certain meta-quantities from which we then infer population
parameters, such as population sizes and migration rates. These methods all have some
advantages compared to the direct approach. One can investigate large sample sizes or
many loci and therefore detect small amounts of migration. There is no need to track
individuals over time: the estimates are averages over evolutionary time and reveal general
rather than individual migration patterns. We can use the indirect methods for any
organism. There are also disadvantages. We need to assume that the markers are selectively
neutral, so that similarity between different subpopulations is a result of migration rather
than similar selection pressures. The population parameters are also confounded with the
mutation rate. The markers need to show enough variability, so that we can see differences
between subpopulations. A marker with a very slow mutation rate will not reveal recent
migration events, but may still have some information about migration events far in the
past, when compared with geographically more distant populations.
Several groups of approaches using genetic data for the inference of migration rates are
recognized: (1) estimators based on allele frequencies and Wright (1951)’s F-statistic
(reviewed in Michalakis & Excoffier 1996); (2) maximum likelihood estimators based on
allele frequencies (Rannala & Hartigan 1996; Tufto et al. 1996); and (3) estimators based
on genealogies of the sampled individuals (coalescent theory: Kingman 1982b) with
migration rates estimated using procedures of Wakeley (1998), Bahlo & Griffiths (1998), or
Beerli & Felsenstein (1998). Some estimators are mixtures of these groups. Slatkin &
Maddison (1989), for example, developed a method that uses results from coalescent theory
and then presents an interpolation table produced by simulating the coalescence with
migration, in which the minimal number of migration events found on the best genealogy is
related to a migration rate, 4Nem. Most of these estimators were developed under
simplifying assumptions; for example all current “all-purpose” migration rate estimators
assume that the population is in migration-mutation equilibrium; in other words they
assume that the migration and the mutation rates are constant through time. Additionally,
almost all methods use a constant sized population. There is currently one method,
developed by Bahlo & Griffiths (1998), that can allow for subpopulations that are growing.
The availability of methods for estimating population parameters under non-constant
condition will increase, but development of programs and new method is often a slow task.
Additionally, the more parameters we want to estimate the more data we need; this makes it
perhaps impractical to allow for all possibilities. Methods allowing for non-constant
conditions have first to be fully developed and then have to show that they can deliver
accurate estimates.
Most migration models are based on the Wright-Fisher population. The Wright-Fisher
population model with migration is rather simple (Fig. 1) and has properties that makes its
mathematical treatment easy. A subpopulation consists of a constant number of individuals,
either haploid or diploid (I will describe the diploid case). In each generation each
individual is producing a large number of gametes. These gametes either stay in a
subpopulation or migrate into another subpopulation. New individuals are formed by
randomly choosing two gametes in a subpopulation, and these individuals replace their
parents.
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Time

Subpopulation 1

Fig. 1: Gene genealogy of a Wright-Fisher population with migration between two subpopulations. Thick
lines show the coalescence of lineages from a sample of 4 individuals in each population.

I will focus on some of these estimators and discuss their properties and limitations
when subpopulations may exchange migrants at different rates or have different sizes, and
in which the mutation rate may vary among loci. Additionally, I will develop an F-statistic
framework introduced by Maynard Smith (1970), Maruyama (1970), and Nei & Feldman
(1972), so that population sizes and migration rates can be jointly estimated. Finally, I will
compare these FST-based approaches with an approach based on the coalescence theory.
2. How to compare different population parameter estimators
For practitioners choosing a method for the estimation of population parameters is a
difficult task, because many methods are available (see the almost certainly incomplete list
of available programs in this book). Each of these different methods has its own set of
assumptions; sometimes these are incompatible with the study. Results obtained with real
data provide rather unreliable guidance for picking a method, because we normally do not
know the underlying true parameter values. With computer generated data sets, however, it
is easy to create many replicates with the same population model and the same population

parameters. For these arbitrary data generating parameters I will use terms like the “true
value” or the “truth”. The chosen population parameters should then be recovered from
each data set with some error from randomness in the data generation (Hudson 1983) and
errors in the analysis. The averages of the parameter estimates from many data sets should
converge to the true values when we increase the number of replicates and if the method is
unbiased (does not, for example, always yield estimates that are too high). Additionally, a
good method should have a small variance and therefore produce small confidence
intervals. In short, superior methods are unbiased or have a small bias and a small variance.
3. Migration rate estimators based on F-statistics
Wright (1951) described a framework that uses his earlier inbreeding coefficient F for a
subdivided population with three coefficients: FIS, FIT, and FST. For the infinite allele model
F can be understood as a probability that two randomly chosen alleles are identical by
descent, and the FIJ’s are ratios between the F in an individual I, a subpopulation S, and all
subpopulations T (Total).
I will focus on FST, which is the correlation between the probability that two randomly
chosen gene copies within a subpopulation share an ancestor in the last generation relative
to the probability that two gene copies picked from the total population share an ancestor in
the last generation. In other words, this index uses the partitioning of total genetic
variability into variability within and between subpopulations. Using insights from Slatkin
(1991) and from Michalakis & Excoffier (1996), a highly generalized overview for the
relationship of FST is
g( W ) g( B )
FST =
(1)
g( B )
where FST can be replaced by different specific estimators such as (Weir 1996), NST
(Lynch & Crease 1990), <FST> (Hudson et al. 1992), ST (Excoffier & Smouse 1994), ST
(Rousset 1996), GST (Nei 1973), and RST (Slatkin 1993). The g(x) are correction functions
used for the different FST-estimators scaling the variance within a population ( W) or
between populations ( B). These variances are proportional to the mean coalescence times
in a subpopulation and the whole population. This summary statistic, FST, is interpreted as a
measure of the differentiation between subpopulations, where values close to zero indicate
that the population is not structured.
FST is commonly transformed into a more direct measure for migration. Wright (1951)
showed that for an n-island population model (Fig. 2) with an infinite number of
subpopulations and no mutation, we can use
FST =

1
1 + 4 Nem

(2)

where Ne is the population size of a Wright-Fisher population (Fig. 1), and m is the
migration rate per generation. I use the term effective population size Ne to mark the fact
that even when the population is not exactly behaving like a Wright-Fisher population, we
still can use Ne to make comparisons with other populations. Relaxing the rather strong
assumption of having an infinite number of subpopulations is simple and has been
described several times, for example by Li (1976):

FST =

1
1 + 4 Nem

d2
(d 1) 2

(3)

where d is the number of subpopulations, d is most certainly different from the number of
sampled populations. Charlesworth (1998) pointed out that results for Nem can be very
different depending on which version of FST is used.

Fig. 2: Island population model. Examples with 2 and 5 islands. The relevant population parameters are an
overall population size Ne and an immigration rate m that is the same for all subpopulations.

The n-island population model uses only two parameters: the effective population size
Ne and the immigration rate per generation m. It is assumed that the subpopulation sizes are
the same and that the migration rate is the same between all the subpopulations. These
assumptions are often violated in studies of natural populations, for which we know neither
the true migration patterns nor the population sizes.
I created simulated data sets using a technique first used by Hudson (1983). 100
different data containing sequence data (500 bp) for 20 individuals in each of 2
subpopulations were created using specific population sizes 1 and 2, and migration rates
M1 and M2, where
is 4Ne
(Fig. 3). From these data sets ( =4Nem= M), was
estimated using Wright’s formula (2,3) with <FST> (Hudson et al. 1992). For this simple
two-population situation the estimates for are appropriate if the subpopulation sizes are
the same and the migration rates are symmetric; as soon as the assumptions of symmetry of
migration rates or of equal population sizes is violated, however, the estimates are wrong
(Table 1). Relethford (1996) revealed similar problems with approaches that assume that
the population sizes are equal and develops an alternative approach, that allows for
different sizes but not different rates, so that mij = mji. Laurent Excoffier (personal
communication 1998) and coworkers have done extensive simulations with different
population sizes and have shown that the assumption of equal population sizes is critical to
the analysis.
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is the effective population size, is the mutation rate per generation, and mji is the migration rate per
generation from population j to population i.

Fig. 3: Two population model:
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Table 1: Estimates of migration rates = 4Nem based on Wright’s formula (Formulas 2, 3) in a two population
system (Fig. 3). Averages standard deviations of 100 simulated data sets generated with the same population
parameters are shown. For each data set 2 populations with 20 sampled individuals with 500bp of sequence
data were created according to Hudson (1983). T: the parameter values under which the data sets were
created, A: Wright’s relation of FST and migration rate without correction for finite and known number of
subpopulations (Formula 2), B: Wright’s relation with the correction for two populations (Formula 3).
Population 1
Population 2
T
A
B
T
A
B
T
A
B

0.01
0.01
0.05
-

1.00
4.56 3.08
1.14 0.77
10.00
31.20 88.78
7.80 22.20
10.00
45.86 74.15
11.46 18.54

0.01
0.01
0.005
-

1.00
4.56 3.08
1.14 0.77
1.00
31.20 88.78
7.80 22.20
1.00
45.86 74.15
11.46 18.54

The incorporation of asymmetric migration rates in a two-population model seems
simple using the framework developed by Maynard Smith (1970), Maruyama (1970), and
Nei & Feldman (1972). Interestingly, the formulas outlined by Nei & Feldman (1972) could
have been used to estimate the effective population size and the migration rate jointly using
the F-statistic, but were to my knowledge never used in that context. Their work considered
Ne, the mutation rate , and the migration rate m, but did not show how to translate these
parameters into a more practical estimator, given that the mutation rate is usually unknown.
With two populations (Fig. 3) we have three quantities: the probability that two randomly
chosen gene copies in subpopulation 1 share the same ancestor in the past generation
( FW(1) ), a similar probability for subpopulation 2 ( FW( 2 ) ), and the probability that two copies
from different subpopulations have the same ancestor in the past generation (FB). These
statistics can be simply estimated from data using heterozygosity in the subpopulation and
an overall heterozygosity; Slatkin & Hudson (1991) outlined a procedure for sequence data.
By relating FB and FW(i ) to population sizes, migration rate and mutation rate, we can use
the following recurrence formulas, which are adapted from Nei & Feldman (1972), for two
populations with different population sizes and migration rates. The exact formulas are
simplified by removing quadratic terms like 2, m2, m and divisions by number of
individuals in a population (e.g. m/N). For two populations in equilibrium we get the
equation system
1
1
FW(1) =
2m1
FW(1) + 2m1 FB ,
+ 1 2
2 N1
2 N1
FW( 2 ) =

1
+ 1 2
2N2

FB = FB (1 2

m1

2m2

1
FW( 2 ) + 2m2 FB ,
2N 2

(4)

m2 ) + m1 FW(1) + m2 FW( 2)

where is the mutation rate, mi is the immigration rate into population i, and Ni is the
subpopulation size. Because we do not know the mutation rate , I follow a common
practice in coalescence theory and use a compound parameter
which is 4 N e , and
define M = m/ . Multiplying the equation system by 1/(2 ) we get

FW(1) =

1

M1 +

1

1

FW( 2 ) =

FW(1) + M 1 FB ,

1

1

M2 +

1

2

(5)

FW( 2) + M 2 FB ,

2

2 FB = FB ( M 1

M 2 ) + M 1 FW(1) + M 2 FW( 2) .

This system can be solved only for three quantities and not for the four quantities we
would need to describe the two-population system (Fig. 3). We must either require the
population sizes to be the same, but allow different migration rates, or require the migration
rates to be the same, but allow different population sizes. For a model with = 1 = 2 and
two variable migration rates M1 and M2 we get
2 FW(1) FW( 2 )
,
=
2 FB + FW(1) + FW( 2)
2 F F (1) + FW(1) FW( 2 ) 2 FB
M 1 = B(1) W
,
FW
FB FW(1) + FW( 2 ) 2

(

)(

2 F F ( 2 ) + FW( 2) FW(1) 2 FB
M 2 = B( 2) W
,
FW
FB FW(1) + FW( 2 ) 2

)

(

and for a model with two variable 1 and
1 FW(1) FW(1) + FW( 2 ) 2 FB
,
=
1
2
FW(1) + FW(1) FW( 2 ) 2 FB ) 2

(
)(
( )

(
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)

2,

)
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2
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=
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)

and M = M1 = M2 we get
1 FW( 2) FW(1) + FW( 2 ) 2 FB

(
)(
(F ) + F
( 2) 2
W

2 FB

(1)
W

(6)

(2)
W

F

(2 F ))

),

2

B

(7)

.

These estimators will fail when FW(i ) FB . This can happen more often with more
subpopulations and is dependent on the asymmetry of migration rates and on the population
sizes (Table 3).
The equation system (5) can be rewritten for more than two populations. One needs,
however, to decide whether to base the FB values on pairwise differences among
subpopulations or on an average difference among all pairs of subpopulations. If we want to
solve the full model with n population sizes and n(n-1) migration rates we need n2
quantities. Table 2 shows that we cannot estimate all parameter with one locus. Adding a
second locus enables us to solve for all parameters, but complicates the analysis even more.
Additionally, we need to assume that the mutation rate is the same for all loci, which is
certainly not true for all type of data, for example microsatellites.
Table 2: Variance quantities needed to estimate asymmetric migration rates and population sizes jointly. FW is
the “homozygosity” in a population, FB is the “homozygosity” between pairs of subpopulations or the
averages among all subpopulations.
Population
Parameters
Quantities
Missing dimension
s
over all
pairwise
F (all )
F ( pairs )
F
B

2
3
4
.
n

4
9
16
.
n2

1
1
1
.
1

B

1
3
6
.
n(n-1)/2

W

2
3
4
.
n

1
5
11
.
n(n-1)-1

1
3
6
.
n(n-1)/2

Table 3: Estimates of migration rates = 4Nem based on formula (5) in a two population system (Fig. 3).
Averages standard deviations of 100 simulated data sets with the same population parameters are shown.
For each data set 2 populations with 20 sampled individuals with 500bp sequence data were created according
to Hudson (1983). T: the parameter values under which the data sets were created, C: is the same for both
subpopulations and M can be different for each population (Formula 7), D: of the two subpopulations can
be different, the migration rate M is the same for both subpopulations (Formula 6). N is the number of
simulation runs used for calculating the averages and standard deviation. C1, D1: cases with illegal population
parameters were discarded. C2, D2: illegal results were set to zero.
Population 1
Population 2
N
T
C1
C2
D1
D2

0.01
0.0096 0.0056
0.0097 0.0059
0.0160 0.0214
0.0153 0.0211

1.00
3.28 6.35
2.32 5.34
3.61 6.09
4.08 7.49

0.01
0.0096 0.0056
0.0097 0.0059
0.0157 0.0271
0.0150 0.0266

1.00
3.21 8.43
2.52 7.05
3.88 12.33
3.69 12.05

66
100
95
100

T
C1
C2
D1
D2

0.01
0.0063 0.0025
0.0064 0.0026
0.0349 0.1393
0.0166 0.0954

10.00
21.66 59.37
7.79 35.74
31.48 75.02
15.89 52.86

0.01
0.0063 0.0025
0.0064 0.0026
0.0186 0.0665
0.0106 0.0465

1.00
53.43 162.01
19.75 96.75
26.64 107.75
14.83 73.86

34
100
46
100

T
C1
C2
D1
D2

0.05
0.0133 0.0069
0.0116 0.0058
0.1874 0.7685
0.0732 0.4849

10.00
22.89 41.42
7.83 26.27
58.02 258.86
22.63 162.88

0.005
0.0133 0.0069
0.0116 0.0058
0.0071 0.0064
0.0040 0.0048

1.00
9.10 35.20
3.59 20.73
2.06 3.29
2.54 4.35

34
100
39
100

Table 3 gives values for this more complex estimation procedure. The results are not
really reassuring. Several of the 100 runs had to be discarded or parameters had to be set to
zero because the values for the migration rates were negative for one population.
Additionally, the estimates for the migration rates are biased upwards (cf. Beerli &
Felsenstein 1998).

4. Maximum likelihood estimators based on allele frequencies
Rannala & Hartigan (1996) and Tufto et al. (1996) developed methods based on
maximum likelihood to use the allele frequency data of n subpopulations to estimate
migration rates directly. Both methods assume a specific probability distribution for the
allele frequencies and use this distribution for their likelihood functions. Rannala &
Hartigan (1996) used a simpler estimator to calculate the allele frequency estimates and
therefore reduced the number of parameters for this approximate likelihood analysis to one,
4Nem. This shortcut makes this method very fast and it is a better estimator of 4Nem than
estimators
based
on
FST.
Rannala
&
Hartigans’s
implementation
(http://mw511.biol.berkeley.edu/homepage.html) has, however, the same
limitation as all symmetric estimators and will not to deliver correct estimates when the
migration rates are asymmetric, but it may be possible to expand it to estimate a full
migration matrix to handle asymmetric migration rates. The likelihood method of Tufto et
al. (1996) is capable of estimating any migration scenario for a finite number of
subpopulations. This likelihood method does not make the same assumptions about the
allele frequency distribution as the method of Rannala & Hartigan (1996), but needs to
estimate the most likely population allele frequencies given the sampled allele frequencies
and a migration matrix. It seems that the approach of Tufto et al. (1996) would work well

for allele frequency data, and Tufto has recently made the method available in form of SPLUS functions [S-PLUS is a computer statistics package]
(http://www.math.ntnu.no/jarlet/migration/).
5. Estimators using the coalescent
The introduction of coalescence theory (Kingman 1982a, b) changed the field of
theoretical population genetics considerably. The coalescence theory is based on an
approximation of a sampling process in a Wright-Fisher population (Fig. 1). Looking
backwards in time, one can construct a genealogy of the sampled individuals. In a single
population this process is only dependent on the effective population size. Kingman showed
that the probability of a coalescence of two randomly chosen gene copies from a sample of
size k in time interval u which is measured in generations scaled by mutation rate , is
Prob(u | N e ,

) = exp

u

k (k 1) 2
.
4Ne
4 Ne

(8)

We can now calculate the probability Prob(g| Ne, ) of a whole genealogy g by starting
with k sampled alleles or sequences and, going back in time, multiplying the probabilities
for each time interval u between nodes on this genealogy. We could now examine all
possible genealogies and find the genealogy or a group of genealogies for which the
probability given the population parameters is highest.
This framework can be expanded and now, for the first time it seems possible to include
all possible population parameters into a single consistent framework (Hudson 1990),
Kingman’s original framework can be easily expanded by incorporating other population
parameters (Hudson 1990) such as population growth (Griffiths & Tavar 1994; Kuhner et
al. 1998), migration rates (Nath & Griffiths 1996; Bahlo & Griffiths 1998; Beerli &
Felsenstein 1998), recombination rates (Griffiths & Marjoram 1996), and selection (Krone
& Neuhauser 1997; Neuhauser & Krone 1997). Including migration with a two population
system (Fig. 4) changes the formula to

(

Prob u | N e(1) , N e( 2 ) , m21, m12 ,

) = exp

u

k1 (k1 1) k 2 (k 2 1)
+
+ k1m1 + k 2 m2
4 N e(1)
4 N e( 2)

(10)

where is the actual probability of the event, either a coalescent in population i, with
probability 2 4 N e(i ) or a migration event from population j to i with probability mji .
Watterson (1975) used the number of segregating sites in a sample of sequences to infer
population size. Coalescence theory facilitates finding expectations and variances for
population parameters based on the segregating sites method (Wakeley 1998), so that there
are two main streams of inference using the coalescent: (1) methods using segregating sites,
(2) methods using maximum likelihood analysis based on the coalescence of the total
sample. There are additional approximations of the coalescent process (for example Fu
1994), but they have not been extended to incorporate migration.

Time t

t k1 k2
u1 2
u2 1
u3 1

2
3
2

u4 1

1

u5 2

0

Fig. 4: Coalescent genealogy of 4 sampled individuals with migration. Samples from population 1 are shown
in white, samples from population 2 in black. The migration events are shown as black bars. t is the time
interval, k1 and k2 are the number of lineages in population 1 or 2, respectively, during a time interval ui.
Formula (8) shows the probability for each given time interval ui on the genealogy.

5.1 Estimators based on analysis of segregating sites
Wakeley (1998) developed an approximation for the length of a genealogy when there
are an infinite number of subpopulations that uses the number of segregating sites of a
sample of genes from one to several subpopulations. This approximation to the length of
the genealogy is then used to find a new estimator MS = 2Nm that is dependent on the
number of segregating sites within subpopulations and the average number of segregating
sites among subpopulations. This estimator is better than those based on FST, because it has
a smaller standard deviation, but shares the same problems: (1) it estimates a symmetric
migration rate; and (2) some data sets cannot be analyzed because the estimation of MS fails
when the number of segregating sites in a subpopulation is too large relative to the number
of segregating sites over all subpopulations.
5.2 Maximum likelihood estimators using the coalescent
Kingman’s probability calculation can be used to construct a maximum likelihood
method for the estimation of population parameters. One can weight the probability of a
given genealogy g with the likelihood of g which is the probability of the data given the
genealogy. This is a quantity well known in phylogenetic studies. Because we do not know
the true genealogy of our sample, we use the sum over all possible genealogies and then
maximize this function to find the population parameters P,
L(P ) =

Prob(g | P ) Prob(D | g )
g G

(10)

where D is the sampled data, and P are the population parameters we want to estimate.
Taking into account the uncertainty of the genealogy should deliver more accurate
parameter values than methods (Slatkin & Maddison 1989) that assume that the topology
and the branch length of the genealogy is known.
Griffiths & Tavar (1994) were the first o use this type of inference of population
parameters. There is, however, a problem, that one cannot sample all genealogies, because
there are too many. Our group (Joseph Felsenstein, Mary K. Kuhner, Jon Yamato, and PB)
uses a Markov chain Monte Carlo Metropolis-Hastings importance sampling scheme to
generate an approximation of the likelihood (10) where we integrate over a large sample of

genealogies G with different topologies and different branch lengths (Kuhner et al. 1995
1998). The approach chosen by Griffiths & Tavar (1994) and Bahlo & Griffiths (1998)
appears rather different from ours (Kuhner et al. 1995; Kuhner et al. 1998; Beerli &
Felsenstein 1998), but estimates the same quantitites. Felsenstein (unpubl.) showed that one
can explain the method of Griffiths & Tavar (1994) in terms used by our group and that it
then is very similar to our approach. Both groups have released programs to estimate
population parameters. For migration patterns these are genetree at the Internet site
and migrate at
http://www.maths.monash.edu.au/~mbahlo/mpg/gtree.html,
http://evolution.genetics.washington.edu/lamarc.html. Both programs use a
Markov chain Monte Carlo approach and sample genealogies that are then used to find the
maximum likelihood estimate of a full migration matrix with population sizes. Migrate
estimates the parameters
1

M 12
...
M 1n

P=

with

M 21

i

= 4Ne

2

M ji
...

...
...
i

...

M n1
M n2
...
n

and M ji =

m ji

.

For potential users of these methods, differences in the respective underlying models of
evolutionary change are perhaps more important than the similarities between the
approaches. Griffiths & Tavar (1994) and Bahlo & Griffiths (1998) use an infinite sites
model that is inappropriate for highly variable sequence data, because it does not allow
multiple substitutions at the same site and the researcher needs to discard such sites from
the data. This is unfortunate, because discarding variable sites from the data set biases the
population parameters; the population size estimates, for example, are too small. Our group
uses a more generalized, two parameter mutation model developed by Felsenstein in 1984
(PHYLIP 3.2) (Swofford et al. 1996) that is an extension of Kimura’s (1980) twoparameter model. Additionally a stepwise mutation model for microsatellites and a model
for electrophoretic data are available (Beerli & Felsenstein 1998).
Simulated data sets were analyzed with migrate. As Table 4 shows, migrate
delivers less biased estimates and smaller standard deviations than the other methods I have
presented (cf. Tables 1, 3) when the population parameters are unequal.
Table 4: Simulation with unequal population parameters of 100 two-locus data sets with 25 individuals in
each population and 500 base pairs (bp) per locus. T: Parameter values used to generate the data sets; Migrate:
maximum likelihood estimator using the coalescence theory; B: Wright’s relation between FST and with the
correction for two populations; C2: is the same for both subpopulations and M can be different for each
population (Formula 7); D2: of the two subpopulations can be different, the migration rate M is the same for
both subpopulations (Formula 6); illegal results in C2 and D2 were set to zero.
Population 1
Population 2
T
Migrate
B
C2
D2

0.05
0.0476 0.0052
0.0116 0.0058
0.0732 0.4849

10.00
8.35 1.09
11.46 18.54
7.83 26.27
22.63 162.88

0.005
0.0048 0.0005
0.0116 0.0058
0.0040 0.0048

1.00
1.21 0.15
11.46 18.54
3.59 20.73
2.54 4.35

5. Variable mutation rate
When we assume that loci are independent and neutral, then each locus delivers an
independent estimate of the population parameters Ne and m. It is difficult, however, to
exclude the mutation rate from these estimates, so that we normally estimate = 4Ne and
M = m/ . In principle, this allows us to estimate = 4Ne m, which is independent of the
mutation rate. For real data, this is only partly true: if there are only a few variable sites, or
very few alleles in the data M will probably be high, but there is much uncertainty because
we do not know whether these high values are caused by a high migration rate m or by a
very small mutation rate . The estimate of therefore has large confidence intervals.
Using more than one locus improves the parameter estimates because, when the loci are
unlinked, we have independent replicates from which we can calculate means and
variances. We still need, however, to assume that the mutation rate is the same for all loci.
If one is willing to assume that the mutation rate follows a Gamma-distribution with shape
parameter (Fig. 5), it is then easy to incorporate variable mutation rates into a maximum
likelihood framework by integration over all possible mutation rates.
A comparison of migrate with the FST approach (Table 5) shows that the estimates for
are less biased when we take variation of the mutation rate into account. The estimates
for the FST-based migration parameters are remarkably good, suggesting that the mutation
rates really cancel in and that for the parameter values used, FST is a good estimator for
symmetrical migration rates, even when the mutation rate is exponentially distributed.
Table 5: Estimates of population parameters from data with mutation rate variation between loci. The true
mutation rate variation follows an exponential distribution ( = 1, see Fig. 5). The values are estimates from
one single data set for two populations with 30 electrophoretic marker loci. T: the parameter values used to
generate the data sets; D: calculation based on formula (6); Migrate: maximum likelihood estimator based on
the coalescence theory. is 4Ne ,
can be different for the two subpopulations and the scaled migration
rate (M = m/ ) is symmetrical. is M .
Population 1
Population 2
Shape
T
Migrate
D

1.00
1.02
0.70

1.00
1.03
1.10

1.00
1.26
0.68

1.00
1.48
1.07

1.0
1.7

= 100

Probability

= 0.1

=1
= 10

0

1
Mutation rate

2
]

Fig. 5: Gamma distributed mutation rates, with different shape parameter and the same mean
curves. With = 1 the Gamma distribution is an exponential distribution.

for all

6. Testing whether migration rates are symmetric
Given the difficulties of developing a general framework to estimate asymmetric
migration rates using FST , it seems rather cumbersome to develop a test for symmetry of
migration rates. A way to solve the problem would be to generate simulated data sets using
the estimated migration rates and population sizes (Rousset & Raymond 1997). These
simulated data sets could then be used to compare the variances between the different
migration rates with an ANOVA.
In the maximum likelihood framework, one would use a log-likelihood ratio test. The
standard procedure for testing uses the assumption that in the limit, when we have an
infinite amount of data the log-likelihood curves can be approximated by a normal
distribution, so that we can use a 2-distribution for the test statistic. This approach may
encounter difficulties because the current maximum likelihood estimators (Beerli &
Felsenstein 1998; Bahlo & Griffiths 1998) approximate the likelihood using a Markov
chain Monte Carlo approach. These methods are known to deliver good point estimates, but
these approximate likelihood curves are exact only close to the point estimated; we (Mary
K. Kuhner, Jon Yamato, & PB) are currently investigating this issue. The current speed of
computers makes it too tedious to generate a data dependent test distribution for these
maximum likelihood based estimators.
7. Discussion
The simulation studies for the FST based estimators (Tables 1, 3) show rather clearly that,
when we violate the assumption that exchange of migrants between subpopulations is
symmetrical the estimates of the migration rates are biased, if not completely wrong. Only
those methods allowing the estimation of asymmetric migration rates have a chance of
recovering the possible migration pattern in natural populations. This comes at a price: we
need to estimate many more parameters. At least for estimation of growth rate and
population sizes, coalescence theory suggests that we need to increase the quantity of data
not by sampling more individuals, but by sampling more loci (Kuhner et al. 1998). This is
probably true even for estimation of migration rates (cf. Wakeley 1998; PB unpubl.).
Adding more individuals will mainly add lineages in the very recent past, so little additional
information is gained about historical events at the bottom of the genealogy.
Even when by some external knowledge, for example using direct methods, we know
that the subpopulations are approximately equal in size and the migration rates are
symmetric, the FST-based approaches are still superseded by using the pseudo-maximum
likelihood approach of Rannala & Hartigan (1996) or using the segregating sites approach
of Wakeley (1998). Alternatively, the computationally more demanding but more accurate
maximum likelihood methods that sample over all genealogies (Bahlo & Griffiths 1998;
Beerli & Felsenstein 1998) can be employed.
8. Conclusion
During the last 60 years many researchers have used and continue to use F-statistics or
genetic distances to make inferences about migration patterns. With the advent of newer
methods, such as maximum likelihood using allele frequencies and their possible
extensions or methods based on coalescence theory, tools now exist that allow us to
estimate migration patterns without the unrealistic assumption of symmetry of migration
rates or equal population sizes.
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