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Abstract

The present distribution of freshwater fish in the Alpine region has been strongly affected
by colonization events occurring after the last glacial maximum (LGM), some 20 000 years
ago. We use here a spatially explicit simulation framework to model and better understand
their colonization dynamics in the Swiss Rhine basin. This approach is applied to the
European bullhead (Cottus gobio), which is an ideal model organism to study fish past
demographic processes since it has not been managed by humans. The molecular diversity
of eight sampled populations is simulated and compared to observed data at six microsatellite
loci under an approximate Bayesian computation framework to estimate the parameters of
the colonization process. Our demographic estimates fit well with current knowledge
about the biology of this species, but they suggest that the Swiss Rhine basin was colonized
very recently, after the Younger Dryas some 6600 years ago. We discuss the implication of
this result, as well as the strengths and limits of the spatially explicit approach coupled to
the approximate Bayesian computation framework.
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Introduction

The spatial distribution of populations is deeply influenced
by climatic fluctuations, such as periods of range con-
tractions during glaciations as well as range shifts and
expansions during more favourable interglacial periods.
Such spatial and demographic expansions greatly affect
the genetic variation and structure of populations and
species (Avise 1998; Hewitt 2000; Ray et al. 2003; Excoffier
2004). Previous studies have shown theoretically (Ibrahim
et al. 1996; Austerlitz et al. 1997) and empirically (e.g. for
salmonid fish species, Bernatchez & Wilson 1998) that
postglacial expansions lead to a global loss of genetic
variation. Most phylogeographical studies on European

freshwater fishes have been carried out on economically
important salmonid species such as brown trout (Bernatchez
2001), whitefish (Hansen et al. 1999), Atlantic salmon (Potvin
& Bernatchez 2001), or grayling (Weiss et al. 2002). However,
these species have been subject to massive artificial trans-
plantations for more than a century (Largiadèr & Scholl
1996; Largiadèr et al. 1996; Brunner et al. 2001; Douglas &
Brunner 2002). It is therefore difficult to distinguish, at the
genetic level, between the effects of a natural colonization
and an artificial introduction. To circumvent this problem,
several studies have used the European bullhead (Cottus
gobio) as a model organism for investigating the colonization
history of European freshwater fish species (Hänfling &
Brandl 1998; Englbrecht et al. 2000; Kontula & Vainola 2001;
Hänfling et al. 2002; Volckaert et al. 2002; Slechtova et al.
2004). Compared to other species, C. gobio has been of little
economic importance, and it was therefore rarely managed
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by humans (Mann 1971), which suggests that its present
distribution is mainly the result of a natural colonization
process (Hänfling & Brandl 1998; Englbrecht et al. 2000).
Cottus gobio is thus a very valuable organism to better under-
stand past demographic processes that occurred in the
Alpine river systems since the last glacial maximum (LGM).

During the last Würm glaciation, large parts of the Alpine
region were covered by ice (Jäckli 1962; Hantke 1980).
Freshwater fish species were therefore either completely
absent from this area or their presence was very restricted.
The retreat of the glaciers following LGM, some 20 000 years
ago (Jäckli 1962; Hantke 1980) allowed these species to
recolonize the Alps. It is therefore likely that the current
distribution of freshwater fishes in the Swiss Rhine river
system must largely result from these early colonization
events. Recently, Vonlanthen et al. (2007) reported high
levels of differentiation between populations of C. gobio at
the nuclear level in the Swiss Rhine river system, a strong
population genetic structure that has also been reported in
other parts of Europe (Englbrecht et al. 2000; Hänfling et al.
2002; Volckaert et al. 2002).

The aim of the present study is to better define the colo-
nization history of C. gobio in the Swiss Rhine basin.
Conventional population genetic inferential methods are
based on very simple demographic processes, which may
often lack important sources of realism. New approaches,
such as the reconstruction of genetic variation using
simulations and the subsequent estimation of appropriate
parameters, lead to more detailed conclusions about past
demographic processes (Wilson & Balding 1998; Beaumont
1999; Estoup & Clegg 2003; Estoup et al. 2004; Hamilton
et al. 2005). Because likelihood-based methods are sometimes
extremely challenging or even impossible to compute for

complex models (Wilson & Balding 1998; Beaumont 1999),
a new Bayesian approach, the approximate Bayesian
computation framework (ABC, Beaumont et al. 2002;
Marjoram et al. 2003) has been developed. This new method
avoids the calculation of likelihoods and thus allows one to
study complex models. The potential of the ABC method
for analysing complex demographic scenarios has been
demonstrated recently in several papers (Estoup & Clegg
2003; Estoup et al. 2004; Hamilton et al. 2005). We therefore
use this framework to estimate important demographic
parameters of C. gobio colonization process, such as the
timing of the range expansion into the Swiss Rhine basin,
migration rates and local effective sizes. Finally, we also
assess the performance of our estimation procedure using
test data sets, and discuss some limitations of the current
approach.

Materials and methods

Genetic data

We based our estimation on a data set analysed in a
companion study (Vonlanthen et al. 2007), investigating
whether the watershed between the Rhine and Rhône river
system had been crossed by Cottus gobio. Vonlanthen et al.
(2007) collected and genotyped several C. gobio populations
from the Rhine and Rhône basin at eight short tandem
repeat (STR) loci and they analysed the data using standard
statistical methods. In the present study, we use a subset of
the genotyped populations to estimate parameters of the
colonization history of C. gobio in the Rhine river system.
Our data set consists of eight populations of the Rhine river
system (Fig. 1), for which 19–20 individuals per population

Fig. 1 Swiss Rhine river system with
sample locations. The grey river segments
represent the entire river system, whereas
the black segments are those used in this
study. The structured area illustrates the
maximal extension of the glaciers during
the LGM. The black dots represent the
sampled locations (1, Simme; 2, Suze; 3,
Birse; 4, Grenet; 5, Emme; 6, Saar; 7,
Torneresse; 8, Orbe). For each location, 20
fish were sampled except at location 1 with
only 19 sampled fish. The magnifying glass
shows a schematic view of the vectorized
river system subdivided into segments
(demes). Each segment may be connected
to one (terminal segment), two, or several
(river branching) neighbouring segments.
For a given simulation, all segments have
an identical length.
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were genotyped. While all eight loci were found to be
polymorphic at the European level (Englbrecht et al. 1999;
Vonlanthen et al. 2007), two are found to be almost or
completely monomorphic in the Swiss Rhine data set. Since
our estimation procedure relies on the simulation of genetic
data, we discarded these two loci from our analysis, as this
lack of diversity at STR loci was not informative. We
therefore restricted our analysis to the following six loci:
Cgo1033PBBE Cgo56MEHU, Cgo18ZIM, Cgo33ZIM,
Cgo34ZIM, and Cgo42ZIM (Englbrecht et al. 1999). The
simulated data sets were compared to the observations on
the basis of the summary statistics listed in the second
column of Table 4.

Simulation framework

The simulated data sets were generated using the program
aquasplatche (Neuenschwander 2006a), which is derived
from the splatche program (Currat et al. 2004). While
splatche allows the simulation of genetic variation of
species living in a two-dimensional habitat (Ray et al. 2003;
Currat & Excoffier 2004; Ray et al. 2005) aquasplatche
was specifically developed to simulate the genetic variation
of species living in linear branching habitats, such as river
systems. The simulation framework is divided into two
parts: first the demography of a population is simulated in
a forward process based on a vectorized river system
subdivided into demes (subpopulations). Second, the
information from the demographic simulation is used to
generate genetic samples from the population in a backward
coalescent simulation process. For this study, we generated
1 million simulations using parameter values drawn from
prior distributions.

Digital representation of the river system

In order to efficiently simulate the colonization history of the
Swiss Rhine basin by C. gobio, we generated a vectorized
map of the river system (Fig. 1). Contrary to raster maps,
vector maps are ideal to represent linear features like river
systems, because object topology is more easily maintained,
and it results in smaller file size. However, one difficulty
we encountered in this study was to vectorize lakes that are
not linear features and which must therefore be transformed.
We chose here to simply represent lakes by a stream located
in the centre of the lake. The tributaries flowing into a lake
were therefore elongated up to this central stream. This
representation of the lakes seems adequate for C. gobio,
since this species probably colonized lake tributaries by
following lake shores, because the deep waters of a lake are
unsuitable for this species requiring running water. As a
base map, we used a vectorized river system data set
published by the Swiss Federal Institute of Topology
(swisstopo 2001, scale 1:200 000). The river systems were

subdivided into segments. Each segment was characterized
by its upper and end node, as well as by several vertices
defining the form of the segment. Each segment can be
either connected to one (terminal segment), two, or more
(river branching) neighbouring segments (Fig. 1). The river
system of the resulting map was controlled for overall flow
connectivity, which means that each segment was part of a
river connected to the network. Using the gis software
arcinfo (ESRI 2005), we exported information on the
nodes and vertices of all segments into the format used by
aquasplatche (Neuenschwander 2006a). We simplified the
river system to the area where we had sampled populations,
and we removed parts of the river system where no
populations had been sampled. We then subdivided the
vectorized river system into segments of equal length.
Because the size of a segment may have a great influence
on demographic parameters such as the migration rate
(Barton & Wilson 1995), we first assessed the influence of
segment size on parameter estimation. To this aim, we
qualitatively contrasted four models differing in their
segment size. For each model, we performed 1 million
simulations. The tested segment sizes were 200 m (4348
segments), 1000 m (868 segments), and 2000 m (434
segments). Furthermore, we performed simulations with
segment size considered as a free parameter. In that case,
for each simulation, a segment size was drawn from a
uniform distribution between 200 m and 2000 m. Then,
we estimated for each of the four models the posterior
probability using the rejection-sampling method (Pritchard
et al. 1999; Estoup et al. 2004). This method estimates the
posterior probability of different models by comparing the
distribution of distances between observed and simulated
summary statistics obtained under various models. Under
the assumption that all models have the same prior
probabilities, the posterior probability of the i-th model,
Pr(Mi), is simply obtained by ranking simulations according
to their associated distances, and counting how many
simulations (ni) from the i-th model are found among some
d smallest distances, and simply calculating Pr(Mi) as ni/d
(Pritchard et al. 1999; Estoup et al. 2004). Here, we report
the posterior probabilities for d = 100 closest simulations.
We then used the best model (i.e. that with a segment size of
2000 m) for later simulations. The computations necessary
to explore these four models required more than 630
processor days on 2.4 GHz Linux machines.

Forward demographic simulation

During the last ice age, most parts of the Swiss river basins
were covered by ice, implying that Swiss rivers have been
colonized by fish located in open water after the LGM
(Fig. 1). We used as the colonization source, a fish population
of 100 individuals. For each simulation, its geographical
location was randomly assigned to an ice-free segment.
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After the onset of the colonization, the range of the
population increased progressively because of a combination
of local demographic growth and migrations from the
occupied demes to empty neighbours. At each generation,
the density of each deme is first logistically regulated, as

where Nt is the population density of the deme at time t, K
is the carrying capacity (i.e. the maximum number of
individuals that can be sustained by local resources), and r
is the intrinsic rate of growth per generation. Note that we
simulate haploid individuals, and N and K are therefore
expressed in number of effective genes. The demographic
regulation step is followed by a migration step. In order to
take into account the fact that individuals may migrate at
different rates during the colonization phase and when the
habitat is already fully colonized (Saether et al. 1999), we
introduced a density-dependent migration rate m that
changes smoothly between low local densities mLow and
high local densities mHigh (Fig. 2). We used the generalized
logistic curve (Richards 1959) computed as

where Dt is the current occupancy index defined as Nt/K.
A defines the smoothness of the slope, and it is arbitrarily
set to 1000 (Neuenschwander 2006a). If mLow is larger than
mHigh, the migration rate is higher during colonization,
while the reverse is true if mLow is smaller than mHigh. If the
two migration rates mLow and mHigh are equal, then the
migration rate is constant at all densities. The number of
emigrants is then distributed among the neighbouring

demes taking their densities into account. The probability
Pi of a given emigrant to go to deme i is calculated as

Neighbouring demes with low density will therefore
receive more immigrants than those with high densities,
which seems realistic (Downhoer et al. 1990). The effective
number Mi of emigrants that reach a neighbouring deme i
is thus

At each generation, the density and the number of
immigrants for all demes are stored in a database, which is
used later during the genetic backward simulations. For
each model, we performed 1 million simulations of the
colonization process.

Backward genetic simulations

In the second phase of the simulation framework, a spatially
explicit coalescent approach is used to simulate the gene
genealogies and the molecular diversity at microsatellite
loci for an arbitrary number of samples. Since the genetic
variation of samples of neutral genes depends only on the
demography of the demes (e.g. Hudson 1990; Nordborg
2001), we can generate genetic data using the densities and
migration rates simulated during the demographic phase.
Starting at the present generation, the genealogy of sampled
genes is simulated backward in time. At each generation,
genes have a given probability to move to a different deme
or to coalesce with another gene present in the same deme.
The coalescent process at a given locus stops when a single
gene lineage remains, which means that the most recent
common ancestor (MRCA) of the sampled genes has been
reached. A genealogy is computed independently for each
microsatellite locus. Mutations are then sprinkled over the
branches of the genealogy according to a Poisson process
with rate μit, where μi is the mutation rate of locus i and t
is the length (in generations) of a given branch. We assumed
that the locus-specific mutation rates μi follow a gamma
distribution with mean equal to μ (Gamma (μ, 2/μ),
Excoffier et al. 2005). We used a multistep mutation model
(generalized stepwise mutation model, GSM, Zhivotovsky
et al. 1997; Estoup et al. 2002), where the coefficient parameter
Pi characterizes the geometric distribution of the number of
repeats by which new mutant alleles differ from the ancestral
allele. The individual coefficient parameters Pi were
assumed to follow a beta distribution around P, defined as
follows: if P ≥ 0.001 then Pi = Beta(a, b) with a = 0.5 + 199P
and b = a(1−P)/P, otherwise Pi = 0 (Excoffier et al. 2005).
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Fig. 2 Density dependent migration rates implemented in our
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that the migration rates are larger during the colonization phase
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Parameter estimation

We used the Approximate Bayesian Computation (ABC)
approach (Beaumont et al. 2002) to estimate the parameters
of our model, which are listed in Table 1. The ABC approach
allows one to obtain the posterior distributions of the
parameters, from which estimators and credible intervals
can be extracted. One major advantage of the Bayesian
inference is that some prior information can be incorporated
into the estimation procedure. Our ABC procedure consisted
of three steps: First, we simulated a large set of 1 million
genetic data sets using the same sample sizes and locations
as the observed data set and using parameter values
randomly drawn from previously defined prior distributions
(see Table 1). In the second step, the simulated data sets are
compared to the observed data set on the basis of summary
statistics (see below), and the 5000 simulations that are
closest to the observations are retained, while the others are
rejected. In the third step, the posterior distributions of
parameters of interest are estimated by a multiple and
locally weighted linear regression of the summary statistics
computed from the retained simulations (Beaumont et al.
2002). In this study, we computed the posterior distributions
according to equation 9 of Beaumont et al. (2002). We used
the median of this posterior distribution as the point estimate
because it performed best compared to other point esti-
mates (mode, mean, and y-intercept of the regression line
computed on the target summary statistics) when we
assessed the accuracy of the estimation (unpublished data).
Following Excoffier et al. (2005), all parameters were
transformed before the regression as y = log[tan(x)–1]  in
order to ensure that the posterior distributions of the
parameters remain within the prior ranges.

Prior distributions

Prior distributions of the parameters were defined using
available information from the literature.

1 Colonization time T: the colonization of the Swiss Rhine
basin necessarily occurred after the LGM (Jäckli 1962;
Hantke 1980), when most of Switzerland was covered by
ice. Therefore, the onset of the colonization T was drawn
from a uniform distribution between 600 and 7000
generations, which corresponds approximately to the
period between 2100 and 24 500 years bp, assuming a
generation time of 3.5 years for C. gobio (Mills & Mann
1983).

2 Carrying capacity K: the observed population density
of C. gobio is generally highly variable between rivers.
Utzinger et al. (1998) recorded census population sizes of
0.002–0.4 individuals per square metre in Swiss alpine
rivers, and higher densities of up to one individual per
square metre were recorded for lowland streams (Crisp
et al. 1974; Mills & Mann 1983). To cover this broad range,
we used a log uniform prior for K ranging from 20 to
5000 genes (haploid individuals) per kilometre, which
corresponds to a density between 10 and 2500 diploid
fish. A log uniform distribution allowed us to put more
weight on small values.

3 Migration rate m: the occurrence of highly differentiated
populations in the Rhine river system (Vonlanthen et al.
2007) suggests that C. gobio did not migrate much in the
recent past and/or that its effective populations were in
general small. On the other hand, C. gobio is also widely
distributed in headwaters, suggesting that the species is
able to rapidly colonize new habitats. Downhoer et al.

Table 1 Prior distributions of the model parameters. For each prior distribution the mean, mode and several quantiles [0% (min), 5%, 50%
(median), 95%, 100% (max)] are given

Parameters Distribution Mean Mode

Quantiles

Min 5% 50% 95% Max

Demographic model:
T† uniform 3200 IR 600 920 3800 6680 7000
K‡ log uniform 910 20 20 26 327 3800 5000
r beta (4, 10) 0.86 0.75 0.0 0.34 0.8 1.5 3.0
mLow uniform 0.55 IR 0.3 0.325 0.55 0.775 0.8
mHigh uniform 0.25 IR 0.0 0.025 0.25 0.475 0.5

Mutation model:
μ beta (7, 7) 5 * 10–4 5 * 10–4 10–7 3 * 10–4 5 * 10–4 7 * 10–4 10–3

P uniform 0.4 IR 0.0 0.04 0.4 0.76 0.8

Notes: T is the onset of expansion, K is the carrying capacity, r is the growth rate, mLow is the migration rate at low density, mHigh is the 
migration rate at high density, μ is the mean mutation rate, and P is the mean geometric parameter. The estimates are based on 1 million 
simulated data sets. IR stands for irrelevant. †T is measured in number of generations. ‡K is measured in number of effective genes (haploid 
individuals).
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(1990) indeed showed that the migration distance of
C. gobio is negatively density dependent with larger dis-
tances favoured at lower densities. Therefore, we set the
prior of the migration rate at high densities (in occupied
habitats) mHigh to a uniform prior between 0 and 0.5 and
the prior of migration rate at low densities (during the
colonization phase) mLow was assumed to follow a
uniform distribution between 0.3 and 0.8. This reflects
our belief that migration was potentially higher during
colonization than at carrying capacity.

4 Growth rate r: the prior of the local population growth
rate r follows a beta distribution B(4, 10) that is restricted
to a range between 0.0 and 3.0. The rate r mainly influences
the speed of the colonization process, and it has little
impact when population sizes approach carrying capacity.

5 Mutation rate μ: the prior of the average mutation rate μ
follows a beta distribution B(7, 7) and is restricted to a
range between 10–7 and 10–3.

6 Coefficient P of the geometric distribution by which a
new mutant allele differs from its ancestor: the prior of
the average geometric parameter P was set uniformly
between 0 and 0.8.

Since genetic variation depends mainly on the combina-
tion of demographic parameters and mutation or migration
processes, we also estimated some composite parameters,
which were defined as: τ = 2 * T * μ, θ = 2 * K * μ, Km_Low =
K * mLow, and Km_High = K*mHigh.

Summary statistics

The ABC method compares simulated and observed data
set on the basis of summary statistics. The summary
statistics were chosen in order to capture different aspects
of the data both at the within-population and at the between-
population levels. We performed extensive simulations
to choose the most powerful set of summary statistics
(Neuenschwander 2006b). This set consisted of eight
summary statistics. We computed the mean number of
alleles over loci k, the expected heterozygosity over loci H,
and an average modified M statistic (Garza & Williamson
2001; Excoffier et al. 2005) computed as

where L is the number of loci and R is the allelic range over
loci, that is the difference in repeat number between the
largest and the smallest allele. These summary statistics,
computed for each population separately, were summarized
by their means, resulting in three summary statistics
Mean_k, Mean_H, Mean_M. The same summary statistics
were also computed for a global population made up of all

pooled samples, resulting in the three summary statistics
Global_k, Global_H, Global_M. Furthermore, we computed
the global coefficient of differentiation FST (Weir &
Cockerham 1984) and the correlation coefficient ρ
between geographical distances D and pairwise FST
computed as

where , ,
and . The coefficient ρ was computed
between population three (Fig. 1) and all other populations.
The choice of using this statistic was motivated by the
fact that, in expanding populations, we expect to find
a correlation between the genetic differentiation and
the distance from the onset of the expansion (similar to
Prugnolle et al. 2005). Such a correlation (ρ = 0.669) between
population three (Fig. 1) and all other populations was
indeed observed in our C. gobio data set (Vonlanthen et al.
2007).

Assessment of the quality of the estimation

We applied several methods to assess the quality of our
estimation. First, we assessed the potential for a parameter to
be correctly estimated using the coefficient of determination
(i.e. the proportion of parameter variance explained by the
summary statistics, R2) computed across all simulations
(Lefebvre 1983; Neuenschwander 2006b). This information
is important as some parameters of the model may not
have the same potential to be correctly estimated, and this
information is not included in the posterior distribution of
a parameter. Note that a similarity between the posterior
and the prior distributions does not necessarily imply that
the parameter has a poor potential to be correctly estimated,
as it could simply indicate that the prior distribution was
well chosen.

One advantage of the ABC method is that it is possible to
assess the performance of the estimation with a reasonably
small amount of extra computations. The principle is to
generate test data sets (1000 in this study) based on a fixed
parameter set (‘true values’). Each of these test data sets is
then used as a pseudo-observed data set, from which the
parameter values are known. Using the previously simu-
lated data sets (1 million) based on the priors, it is possible
to estimate the parameters using the same ABC framework
for each test data set. The estimates can then be compared
to the parameter values (‘true values’) used to generate the
test data sets, which allows us to assess the quality of the
estimation. The estimation of the parameters is performed
like in the real estimation under the ABC framework. The
quality of the point estimators were assessed by computing
the relative bias defined as
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and the relative root mean square error defined as

where qi is the estimator of the parameter θ, and n is the
number of test data sets (1000 in our case). If the relative
bias is positive, the true value is overestimated, whereas it
is underestimated when the relative bias is negative. Because
bias and RMSE are relative, a value of 1 corresponds to a
bias or RMSE equal to 100% of the true value. We also
computed the factor 2 statistic, defined as the proportion of
estimated values lying in an interval bounded by 50% and
200% of the ‘true’ value. To further assess the quality of
the posterior distributions, we computed their 50% and
90% coverage, defined as the proportion of simulations in
which the true value lies within the 50% (respectively 90%)
credible interval around the estimate. Note that the factor
2 gives information on the absolute precision of the estimator,
which is not provided by the coverage properties.

Furthermore, we assessed the performance of the
estimation by investigating how well simulated data
sets based on the posterior distributions fit the observed
data set (Gelman et al. 2004). For this, 1000 genetic data sets
were generated using parameters randomly drawn from
the posterior distributions. The eight summary statistics
defined above were used to compare the simulated data

sets with the observed data set. The fit of these simulated
data sets was compared to the fit of simulated genetic data
based on the priors. The fit of the summary statistics
was also quantified using the relative bias and the relative
RMSE.

We finally evaluated the robustness of our estimations
by altering parameters and priors. In addition to the use of
different segment sizes (see above), we investigated the
effect of an alternative prior for the growth rate r (using a
uniform instead of a log normal prior), and we modified
our model to use only a single migration rate instead of two
migration rates for low and high densities. The robustness
of the estimates was quantified in the same way as the
effect of the segment size (see above), by comparing the
posterior probabilities of models differing by their priors
(Pritchard et al. 1999; Estoup et al. 2004) and the estimates
of the different models to the standard model.

Results

Importance of river segment size

The posterior probability of models differing by the use of
different river segment sizes was computed. The model
with a segment size of 2000 m is the best supported model
(P = 0.42), while the model with a segment size of 200 m is
the model with lowest support (P = 0.12). The models with
a segment size of 1000 m and that with a variable seg-
ment size performed similar, obtaining both a posterior
probability of 23%. This result is also illustrated by Fig. 3a

bias
n

i
i

n=
−

=∑1
1

q θ
θ

,

RMSE
n ii

n= −=∑1 1 2
1θ

θ( ) ,q

Fig. 3 Effect of different river segment size models on the fit to observed statistics, simulations and on parameters estimation. The left pane
shows the Euclidean distance distributions obtained under different models. Unsuccessful simulations, that is simulations where the
sampled locations were not colonized at the end of the demographic simulations, were assigned an infinite Euclidean distance. Therefore,
the surface under the curves corresponds to the ratio of the number of successful to the total number of simulations (e.g. 0.608 for the 200-
m model). The right pane shows the effect of the segment size on the estimation of the time of expansion (T).
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showing the distribution of the Euclidean distances between
observed and simulated statistics for the four segment size
models. The high support for large segment sizes suggests
that Cottus gobio subpopulations occupy a relatively large
portion of the rivers. In keeping with this result, simulations
performed with a segment size of 200 m were not successful
in about 40% of the cases, since some sampled locations were
not colonized at the end of the demographic simulations.
In contrast, the simulations performed under the other three
models (1000 m, 2000 m, and variable size) were successful
in most cases (94–99%). It is also worth noting that these
three models lead to very similar estimates of the expansion
time (T, Fig. 3b). Based on these results, we estimated
parameters based on simulations using a segment size of
2000 m in the rest of the paper.

ABC estimations of the colonization history of Cottus gobio

The posterior distributions of all parameters are shown in
Fig. 4 and corresponding point estimates are listed in
Table 2. The onset of the population expansion is estimated
at 1892 generations (median), which corresponds to 6600
years bp assuming a generation time of 3.5 years for C. gobio
(Mills & Mann 1983). The corresponding 90% credible
interval ranged from 967 to 3017 generations (i.e. 3400–10 600
years bp). The estimated carrying capacity K per deme is 65
effective genes or 32 diploid individuals. The posterior

distribution of the carrying capacity is quite narrow as
demonstrated by the relative small 90% confidence interval
of 29–101 genes, compared to the prior range of 20–5000
genes. The estimated migration rate at high densities mHigh
is 0.30 and the migration rate at low densities (i.e. during
colonization) mLow is 0.42. However, the low coefficient of
determination of the estimate of mLow (R2 = 0.1%, Table 3)
suggests that this estimation is not very reliable. The same
is true for the growth rate r which was estimated to be 0.61,
but with a determination coefficient of only R2 = 0.3%. The
estimated mutation rate μ is 3.0 × 10–4 per generation and
the estimated geometric parameter P is as high as 0.65. The
composite parameters scaled by the mutation rate τ and θ
were estimated as 1.55 and 0.05, respectively. The composite
parameters scaled by the migration rate KmLow and KmHigh,
representing the number of immigrant genes per genera-
tion at low and high densities, were estimated as 33 and
26, respectively. A value of KmHigh = 26 corresponds to
the exchange of 13 diploid individuals per generation
between adjacent populations at high population
densities.

Performance evaluation

The performance of the estimation procedure is detailed in
Table 3. On average, the estimated values deviate from the
true values only by 18.0%. The parameter with the smallest

Table 2 Estimated parameters of the colonization history of the Rhine river system by Cottus gobio. Four point estimates are listed (median,
mode, mean, and Regression, which is the y-intercept of the linear regression line computed on the target summary statistics), as well as
the 90% credible intervals

Parameters

Estimates
90% credible 
intervalMedian Mode Mean Regression

Parameters scaled by the mutation rate:
τ 1.55 1.51 1.57 1.80 1.07–2.04
θ 0.05 0.05 0.05 0.06 0.03–0.07

Parameters scaled by the migration rate:
KmLow 33 32 35 45 10–56
KmHigh 26 27 25s 31 11–39

Parameters of the demographic model:
T 1892 1676 2003 2533 967–3017
K 65 64 68 86 29–101
r 0.61 0.57 0.64 0.84 0.18–1.06
mLow 0.42 0.35 0.45 0.54 0.3–0.62
mHigh 0.30 0.36 0.28 0.40 0.08–0.47

Parameters of the mutation model:
μ 3.0 * 10–4 3.0 * 10–4 3.1 * 10–4 3.8 * 10–4 1.6 × 10–4–4.5 × 10–4

P 0.65 0.66 0.64 0.68 0.57–0.71

Notes: Estimations are based on 1 million simulations. Prior distribution are listed and defined in Table 1 and in the section method. The 
posterior distributions are shown on Fig. 4.
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relative bias was θ (3.0%). The parameter KmHigh showed
the largest bias (41.6%), but this deviation represents only
0.2% of the range of its prior distribution, which shows that
this parameter is still quite well estimated. The relative
RMSEs were surprisingly small, ranging between 0.066
and 0.431, suggesting that the ABC estimation procedure is
overall quite accurate. The width of the 50% and 90% credible
intervals are on average well estimated with average
values of 50% and 81%. However, we note that the coverage

of the single parameters may deviate strongly from the
expectation. Finally, except for mHigh and KmHigh, most of
the parameter-estimated values lie within a factor 2 around
the ‘true’ value, and can therefore be considered as being
satisfactorily estimated.

The coefficients of determination R2 of the parameters by
summary statistics are listed in Table 3. Parameters with a
R2 below 10% are considered to be unreliably estimated
since summary statistics explain little of their variability

  

Fig. 4 Posterior distribution (solid line) of the parameters of the colonization history by Cottus gobio. Posterior distributions were estimated
by performing a locally weighted regression adjustment (Beaumont et al. 2002) on 5000 retained simulations (out of 1 million). Prior
distributions are shown as dashed lines.
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(Neuenschwander 2006b). This is the case for r and mLow
(R2 < 1%), as well as for mHigh (R2 < 10%). Also the R2 of the
mutation rate μ (R2 = 11.8%) was not much higher than our
threshold of 10%, but the variability of the other parameters
by the summary statistics is very satisfactory, with values
between 59.0% and 87.2%. The composite parameters are
generally better explained by the summary statistics than
simple parameters. For example, the R2 of τ is 79.3%, while
its constituent simple parameters had values of 11.8% (μ)
and 59.0% (T). The same is true for the other three composite
parameters θ, KmLow, and KmHigh. It is noteworthy that even
though the migration rate during colonization mLow has a
very low associated R2, its composite parameters KmLow is
associated with a very high R2 of 82.6%. We thus consider
that our estimation procedure is able to correctly estimate
parameters, except for r, mLow, and mHigh.

As expected, simulated data sets based on the posterior
distributions are considerably more similar to the observed
data set than those based on the prior distributions. Figure 5
shows this fit for each summary statistic separately. The fit
(relative RMSE) of simulations based on posterior distribu-
tions of parameters is on average two times better than that
based on the priors (Table 4).

Effect of alternative priors

In general, our estimates are very robust to changes in the
priors of the parameters. As previously shown (Fig. 3),
different priors on river segment size did not have a
noticeable effect on the estimated time of expansion
(except for a very small segment size of 200 m), nor on any
other parameter including the migration rates (results not
shown). The comparison of the standard model (with river
segment length of 2000 m) with two alternative models
with different prior distributions for growth and migration
rates showed that the standard model is the overall best
supported model, with a posterior probability of 38%.
However, the model with a uniform prior distribution
(instead of a log normal distribution) for the growth rate,
and the model with a single migration rate (instead of two
migration rates), obtained only slightly worse posterior
probabilities of 36% and 26%, respectively. The similarity
of the three models shows that these alternative priors
have little impact on the fit of the data. This is also shown
by the comparison of the estimates of the different models
(Fig. 6). Despite the lower support of the alternative models,
the values of the estimated parameters did not change

Table 3 Accuracy of the estimated parameters assessed by simulation of 1000 test data sets with known parameter values

Parameter

Value

Bias RMSE Factor 2

Coverage

R2‘true’ estimate 50% 90%

Parameters scaled by the mutation rate:
τ 1.13 1.07 –0.055 0.181 1 0.428 0.824 0.793
θ 0.04 0.04 –0.030 0.170 1 0.752 0.990 0.861

Parameters scaled by the migration rate:
KmLow 27 24 –0.135 0.179 1 0.640 0.996 0.826
KmHigh 20 11 –0.416 0.430 0.772 0.074 0.452 0.872

Parameters of the demographic model:
T 1890 1153 –0.390 0.406 0.847 0.018 0.309 0.590
K 65 45 –0.301 0.314 0.998 0.092 0.733 0.791
r 0.61 0.59 –0.030 0.043 1 1 1 0.003*
mLow 0.42 0.45 0.062 0.070 1 0.992 1 0.001*
mHigh 0.30 0.18 –0.405 0.431 0.728 0.223 0.915 0.089*

Parameters of the mutation model:
μ 3.0 × 10–4 3.4 × 10–4 0.126 0.151 1 0.954 1 0.118
P 0.65 0.63 –0.035 0.066 1 0.375 0.779 0.817

The parameter set (‘true’ values) used to generate the test data sets are the point estimates (median) of the data set of Cottus gobio (see text). 
Note, that the ‘composite’ parameters (τ, θ, KmLow, and KmHigh) are computed as the product of their constituent parameters, and are thus 
not identical to the estimates.
The bias and RMSE are expressed in relative units. Factor 2 is defined as the proportion of estimated values which are found in an interval 
bounded by 50% and 200% of the ’true’ value. Coverage is the proportion of simulation in which the true value is within the 50% 
(respectively 90%) credible interval around the estimate. The coefficient of determination (R2) characterizes how well the parameter is 
explained by the summary statistics.
*The estimates of these three parameters are poorly explained by the eight summary statistics (R2 < 10%) and their estimates are thus 
considered as unreliable.
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Fig. 5 Comparison of posterior (solid line) and prior (dashed line) distributions of summary statistics. The observed value is represented
by a vertical line. Posterior distributions were obtained by performing 1000 simulations using parameter values drawn from their posterior
distributions.

Summary 
statistic

Observed 
value

Prior Posterior

Bias RMSE Bias RMSE

Mean_k 3.646 0.892 1.384 –0.078 0.268
Mean_H 0.473 0.362 0.545 –0.143 0.290
Mean_M 0.428 0.661 0.788 0.222 0.287
Global_k 11.83 0.308 0.793 –0.034 0.243
Global_H 0.721 0.072 0.203 –0.190 0.269
Global_M 0.559 0.519 0.562 0.185 0.245
Global_FST 0.374 –0.514 0.738 –0.115 0.361
ρ 0.669 –0.725 0.907 –0.717 0.916

Note: The measurements are based on 1000 simulations using parameters drawn from the 
prior distributions and the posterior distributions, respectively. Bias and RMSE are expressed 
in relative units. The corresponding distributions are shown in Fig. 5.

Table 4 Reproducibility of the observed
summary statistics using simulations based
on the posterior distributions (posterior)
and simulations based on the prior
distributions (prior), respectively. The fit is
quantified by the relative bias and the
relative RMSE. The second column contains
the observed summary statistics
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considerably with alternative priors, except for the growth
rate r and the carrying capacity K and its related composite
parameters KmHigh, and KmLow, which all have posterior
distributions shifted towards lower values. The posterior

distributions obtained under a model with a single migration
rate leads to migration rates similar to those estimates for
mHigh in the model with two migration rates. This result
supports the view that different migration rates at low

Fig. 6 Effect of different priors on estimated parameters. The solid line represents the posteriors obtained under our standard model (river
segment of 2000 m, log normal prior for the growth rate, and two distinct migration rates, as on Fig. 4). The dashed lines represent the
posteriors obtained under a model where a uniform prior is used for the growth rate. The dotted lines represent the posteriors under a model
without density-dependent migration. The upper left pane shows the Euclidean distance distributions under the three models. Because the
model without density-dependent migration has a single migration parameter (here shown in the plots of KmHigh and mHigh), the posterior
distributions for the parameters KmLow and mLow are not available for this model. The distributions are very similar for most of the
parameters, and in particular for the onset of the colonization (T), but the growth rate and the carrying capacities show contrasting
distributions, like those of the corresponding composite parameters (KmLow and KmHigh).
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densities (i.e. during colonization) have a small effect on
the simulated data. Nevertheless, the fit to the data is
better under a model with density-dependent migration
rates.

Discussion

Colonization history of Cottus gobio

The expansion time for Cottus gobio, estimated around 6600
years bp is surprisingly recent, which suggests that C. gobio
colonized the Swiss Rhine river system well after the end
of the LGM. Even when considering the 90% credible
interval of 3400–10 600 years bp, it seems that C. gobio
expanded on the Swiss Rhine river system later than
previously thought. This result is at odds with previous
studies on salmonid species (Steinmann 1951; Rubin 1990;
Largiadèr et al. 1996) and with a recent C. gobio study
(Vonlanthen et al. 2007) suggesting that the Swiss Rhine
river system had been recolonized in the wake of retreating
glaciers after the LGM starting some 20 000 years ago.
Rather, our results suggest that the Swiss Rhine river
system was colonized after the end of the Younger Dryas
some 10 500 years ago. The Younger Dryas was a brief cold
period lasting for about a thousand years with an average
drop in yearly temperature of about 5 °C (Severinghaus
et al. 1998). This cold episode brought back glacial conditions
in high latitudes of the Northern Hemisphere, but the impact
of the Younger Dryas was much weaker on the Swiss glaciers
(Joerin et al. 2006). A possible explanation for this recent
colonization could be that better adapted populations of
C. gobio have replaced other populations leading to multiple
colonizations of the Rhine river system (Riffel & Schreiber
1995; Nolte et al. 2005). Although this hypothesis lacks
empirical support and warrants further investigation, it
would imply that our estimate of a late colonization time
would point to the last major colonization event. Further-
more, we cannot exclude the possibility that temporal
environmental fluctuations had a strong impact on the
genetic differentiation of C. gobio populations, which we
did not consider in our simulations. For example, the
temperature of rivers and lakes was obviously colder
during the retreat of the glaciers after the LGM than today,
and it is thus possible that the ageing of the fish was slower
and thus the mean generation time longer than today
(Mills & Mann 1983).

We estimated C. gobio density as about 32 individuals per
kilometre of river segment. If we assume a mean river
width of 5 m, this density corresponds to 0.0064 effective
individuals per square metre. This density is low but in
agreement with the estimation of Utzinger et al. (1998)
reporting census population sizes of C. gobio in Swiss alpine
rivers of 0.002–0.4 individuals per square metre. A previous
analysis of the genetic structure of C. gobio (Vonlanthen

et al. 2007) revealed highly structured populations in the
Swiss Rhine basin, with an overall FST of 0.35. Based on our
own results, this high degree of population differentiation
can be therefore attributed to a very low effective population
size. In agreement with this result, the analysis of 796 bp of
the mitochondrial DNA revealed an even higher level of
genetic structure (overall FST = 0.86) in the Swiss Rhine
basin (Reckeweg 2003). Such a high FST value was due to
the fact that many populations were fixed for a single
mtDNA haplotype. The present model unfortunately
does not allow us to reliably estimate the migration rates
directly, as their associated coefficients of determination
(R2) are very low (Table 3). However, based on the scaled
parameters KmLow and KmHigh, it seems that the colonization
ability of C. gobio was similar to the migration ability at
carrying capacity.

The estimated mutation rate μ (3.0 * 10–4) is found close to
the assumed mean mutation rate for microsatellites (i.e.
5 * 10–4, Estoup et al. 2002). The mean geometric parameter P
(0.65) is however, found much larger than that previously
reported (Estoup et al. 2002), suggesting that a large propor-
tion (65%) of the mutations lead to nonsingle-step mutations,
resulting in a broad distribution of allele lengths in the
sample. However, this wide allele length distribution
could also be attributed to admixture between allopatric
populations, suggesting that the Rhine basin had been
colonized by several source populations (Riffel & Schreiber
1995; Nolte et al. 2005), a scenario that we have not con-
sidered here. However, several studies have postulated the
occurrence of a temporary connection between the Rhine
and Danube river systems in the area of Lake Constance
(Volckaert et al. 2002; Behrmann-Godel et al. 2004) and
between the Rhine and Rhône river systems in the area of
Lake Geneva (Steinmann 1951; Rubin 1990; Largiadèr et al.
1996; Vonlanthen et al. 2007) at the end of the LGM, allowing
fish to migrate into the Rhine river system. Nevertheless,
such possible secondary contact scenarios are difficult to
reconcile with the recent estimated colonization time.

Quality of the estimates

This study shows that compared to common genetic
analyses (e.g. Vonlanthen et al. 2007), the ABC framework
is a powerful tool not only to estimate parameters of
complex models but also to reliably estimate associated
credible intervals. All, but three parameters (the migration
rates mLow and mHigh, and the growth rate r), have the
potential to be correctly estimated since the summary
statistics explain a substantial proportion of their variability.
The unscaled parameters, such as the time of the expansion,
the carrying capacity and the migration rates are less well
explained by the summary statistics (they have smaller
associated R2) than the corresponding scaled (composite)
parameters (τ, θ, KmLow, and KmHigh). The two parameters
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being most difficult to estimate (R2 < 1%) belong to the
demographic model (growth rate and the migration rate
during colonization). Both parameters play an important
role during the colonization phase and influence coloniza-
tion speed, but they are not very important once the
local densities approach their carrying capacity. Thus, the
colonization period may be too short to significantly affect
the current genetic variation, and therefore prevents a
correct estimation of these parameters. In contrast to the
migration rate at low densities mLow, the migration rate at
high densities mHigh has a stronger influence on current
patterns of genetic variation, and should therefore be better
estimated. The comparison of our model with alternative
models (alternative priors) show that the estimates are very
robust to changes in the model.

Outlook

Even though our inference procedure brings more informa-
tion on the past demography of bullhead in the Swiss Rhine
basin than previous analyses (Vonlanthen et al. 2007), our
estimation procedure could certainly still be improved.
First, the available genetic information could be expanded
by adding additional populations and/or by increasing
the number of loci, which should improve the quality of the
estimation (see Excoffier et al. 2005). Second, increasing the
number of simulations should result in slightly more precise
estimates with narrower credible intervals (Excoffier et al.
2005; Neuenschwander 2006b). Third, additional realism
could be incorporated in our model, which could potentially
lead to better estimations. In the present model, the river
system is homogenous as all river segments have similar
characteristics for a given simulation (e.g. same density per
river segment length). The use of environmental hetero-
geneity (e.g. fish density that would depend on the altitude)
could make the model more realistic (Wegmann et al. 2006),
or one could also add information such as water velocity or
water temperature to the model. However, one of the most
challenging and promising source of realism is the incor-
poration of temporal heterogeneity, where several landscape
components change over time. For instance, the exact
dynamic of the retreat of the glacier could be modelled to
better understand its impact on current genetic variation.
The availability of more reliable environmental information
at key time periods (e.g. LGM, Younger Dryas) would
also certainly be beneficial for any future studies on the
colonization history of various Alpine fish species. The in-
corporation of such additional realism would raise the
complexity of our model. However, as the ABC method
can deal in principle with arbitrarily complex models, its
main limitation is available computational power. It seems
reasonable to anticipate that higher computation power
will soon be available, making the investigation of such
more realistic models feasible in the near future.
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