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Abstract

With the availability of whole-genome sequence data biologists are able to test hypotheses
regarding the demography of populations. Furthermore, the advancement of the Approxi-
mate Bayesian Computation (ABC) methodology allows the demographic inference to be per-
formed in a simple framework using summary statistics. We present here msABC, a
coalescent-based software that facilitates the simulation of multi-locus data, suitable for an
ABC analysis. msABC is based on Hudson’s ms algorithm, which is used extensively for sim-
ulating neutral demographic histories of populations. The flexibility of the original algorithm
has been extended so that sample size may vary among loci, missing data can be incorporated
in simulations and calculations, and a multitude of summary statistics for single or multiple
populations is generated. The source code of msABC is available at http:/bio.lmu.de/~
pavlidis/msabc or upon request from the authors.
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Introduction

Along with the increase in population genomic data sets,
an important goal is to understand the relationship
between patterns of nucleotide polymorphism in natural
populations and their evolutionary history. Statistical
methods have been employed to estimate demographic
parameters using likelihood approaches (Kuhner 2006;
Hey & Nielsen 2007) or analysing summary statistics of
the data. Among them, Approximate Bayesian Computa-
tion (ABC) benefits from the increase in both available
data and computer power (Beaumont ef al. 2002; Excof-
fier et al. 2005). ABC is applied widely in population
genetics studies and usually consists in a two-step proce-
dure. First, simulations are used to sample from the joint
distribution of parameters and summary statistics of the
simulated data for a given demographic model. Then, a
rejection algorithm is applied to retain only values of
parameters that generate summary statistics which are
similar to the observed values. The retained set of param-
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eter values is then corrected by local linear regression
(Beaumont et al. 2002) or nonlinear regression (Blum &
Frangois 2009) and considered as an approximation of
the posterior distribution. Hudson’s (2002) ms is a widely
used coalescent software that generates neutral polymor-
phism data for a genomic locus sampled from one or
more populations undergoing complex demographic sce-
narios (including past population size changes, merging
of populations and migration). Furthermore, it is compu-
tationally efficient for relatively large samples (hundreds
or thousands of chromosomes) as well as large genomic
segments (tens to a few hundred kilobases).

Here, we propose an extension of ms to facilitate its
usage within ABC and, in particular, to perform the sam-
pling procedure. Our aim is to provide a software, named
msABC, that (i) draws parameter values from user-speci-
fied prior distributions, (ii) allows to choose from a variety
of summary statistics, (iii) can be used for multiple
unlinked loci and (iv) enables the calculation of summary
statistics in cases of incomplete information (i.e. missing
data). The randomly drawn parameter values are used to
perform coalescent simulations. The simulated data are
summarized into a vector of summary statistics and
written to a file. This file can then be used to perform the
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rejection step and the other postsampling adjustments
using linear regression (Beaumont et al. 2002; Thornton
2009) or nonlinear regression models (Blum & Frangois
2009).

Methods

Generation of data

Currently, ms allows to simulate neutral polymorphism
data using a set of constant, user-defined parameter val-
ues. Alternatively, employing the tbs option, ms permits
some of the parameters to be specified from the standard
input. However, even in this case, the parameter values
should be generated a priori. This may be tedious when
many parameters need to be sampled from one or more
distributions. msABC enables the user to specify in the
command line the desired sampling distributions (uni-
form, normal, log-normal, gamma) for the parameters of
interest. For each simulated data set, new parameter val-
ues (e.g. the population mutation parameter () are drawn
from the specified distribution. In msABC, a data set may
consist of multiple independent loci. The sample size is
allowed to vary among loci, similarly to the msnsam pro-
gram (Ross-Ibarra et al. 2008), as is often the case in large
genome re-sequencing projects. Furthermore, the simula-
tion of missing information is possible.

Calculation of summary statistics

Following the generation of a data set, summary statistics
are calculated: (i) estimates of variability such as the
Watterson’s estimator 0y, (Watterson 1975), or equiva-
lently the number of segregating sites S, the average pair-
wise differences of sequences 0, (Tajima 1983), (ii)
summaries of the site frequency spectrum such as D (Taj-
ima 1989) and H (Fay & Wu 2000) and (iii) summaries
based on linkage disequilibrium (LD), i.e. the average
pairwise correlation coefficient ZnS (Kelly 1997). Popula-
tion differentiation statistics such as Fsy (Hudson ef al.
1992a,b; Slatkin 1993) or pairwise Fsr have been imple-
mented for the case of multiple population data sets. Fur-
thermore, fixed differences, shared and private
polymorphisms can be calculated between pairs of popu-
lations. When data sets are composed of multiple popula-
tions, summary statistics i - iii are calculated for each
population as well as for the pooled sample. Summary
statistics are calculated for each locus, and averages and
variances are reported if multiple loci are simulated.

Simulations with incomplete information

Often, in Sanger re-sequencing (e.g. Hutter ef al. 2007),
microchip sequencing (e.g. http://www.dpgp.org/) or

high-throughput sequencing projects (e.g. http://www.
dpgp.org/), a fraction of data contains missing informa-
tion, i.e. nonidentified nucleotides symbolized as ‘N’.
Missing data affect the values of summary statistics (e.g.
they decrease variability), and therefore may bias the
demographic inference. In msABC, one can simulate
missing data by specifying the coordinates (position and
sequence) of each ‘N’ in the alignment. In a simulated
data set, segregating sites coinciding with the position of
‘N’ in the alignment are replaced by the missing state.
The sample size of each site is then updated and the cal-
culation of summary statistics is adapted. Details and
examples are provided in the manual (pg. 12).

Code availability

The source code and documentation of msABC is avail-
able at http://bio.lmu.de/~pavlidis/msabc or upon
request. msABC has been compiled and run on 32-bit
Linux machines with the gcc (version 4.2.4) compiler and
on 64-bit Linux machines with the gcc (version 4.1.2)
compiler.

Results

The sampling process of an ABC analysis may consist of
multiple steps. Parameter values are sampled from the
prior distribution to simulate polymorphism data. Coa-
lescent simulation programs such as simcoal2 (Laval &
Excoffier 2004) and ms (Hudson 2002) have been used
extensively for the data generation. Then, the summary
statistics are calculated using the simulation results in
appropriate software packages [e.g. the libsequence
library (Thornton 2003)]. msABC integrates these steps
into one software package that efficiently performs the
sampling process of the ABC.

The benefits from this integration are (i) it allows
researchers without extensive coding skills to estimate
demographic models even for complicated scenarios,
when the sample size of loci varies or the data set
includes missing information and (ii) computations are
considerably faster than combining sequentially the steps
of the sampling process mentioned in the previous para-
graph (Fig. 1).

Speed measurements

We compared the speed performance of msABC with the
combination of the coalescent simulator ms (Hudson
2002) and the libsequence library (Thornton 2003) to cal-
culate summary statistics. msABC out-competes this
combination. As illustrated in Fig. 1, msABC (solid line
with circles) is compared with the combination ms-libse-
quence (dashed line with crosses). Hudson’s ms (dashed
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Fig. 1 Speed comparison (in log;o seconds) when the sample
size is between 10 and 1000. msABC is about six times faster than
the combination of ms with libsequence when the sample size
equals 1000.

line with triangles) is used as lower bound for the time,
because it simulates data without calculating summary
statistics. Simulations refer to a demographic scenario of
two populations with gene flow between them (4Nm=0.5,
where N is the present day effective population size and
m is the fraction of each subpopulation made up of new
migrants each generation), with a (global) population
contraction to 0.3N at time 0.01 (backwards in units of
4N). A genome of 100 independent loci is simulated 1000
times (0 = 10 per locus, p = 10 per locus). The set of sum-
mary statistics consists of Oy, 0, D, H, Fsr, shared and
fixed polymorphisms and ZnS. The speed difference is
important especially for large (whole-genome) data sets
[e.g. the 1001 genome project for A. thaliana (Weigel &
Mott 2009)], where simulations may require extensive

Fig. 2 Results obtained from msApprox- (@o
imate Bayesian Computation (msABC). a) -
Examining the relationship between the
parameter t and the summary statistic
E(Fsp). b) Posterior distribution of the
parameter 1, obtained after applying the
output of msABC in algorithms that per-
form the rejection and regression steps of
ABC analysis.
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time periods. For example, based on Fig. 1, simulating a
genome of 100 independent loci 10° times when the
sample size is 500 would require about 92 days on a
single computer using ms-libsequence. On the other
hand, msABC would require 17 days for the same
computations.

Example of parameter estimation

We infer the parameters of a simple demographic model
characterized by two diverging populations with recom-
bination, to illustrate the usage of msABC. The model
consists of three parameters: the population mutation
parameter 0, which is identical in the present and ances-
tral populations; the time t at which the two populations
diverged; and the population recombination rate p. We
used msABC to sample parameter values from uniform
priors U(0; 10) and U(0; 1) for 0 and 1, respectively, to
simulate polymorphism data set under this demographic
model and to summarize these data sets into a series of
summary statistics. In all simulations, p = 20 and the sim-
ulated data sets consist of 50 loci of 500 bp with sample
size n = 12. The output of msABC allows to investigate
the relations between the parameters 0 and t and
summary statistics of the simulated data. Figure 2a illus-
trates the relation between t and the amount of differenti-
ation between the two populations as it is measured by
Fgr. Strong correlations between parameters and sum-
mary statistics indicate that summary statistics can be
used to infer values of demographic parameters
(Fig. 2a). Posterior distributions of parameters based on
observed summary statistics, the joint distribution of
parameters and simulated summary statistics can be
computed from the output of msABC and the rejec-
tion/regression analysis (Beaumont et al. 2002; Excoffier
et al. 2005; Thornton 2009). To illustrate this estimation
procedure, we simulated a data set by setting 0 = 5 and
7 =0.5 and re-estimated the values of 0 and t using
10° simulated data sets. Posterior distributions were
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estimated by summarizing the data into the mean and
the variances of the number of segregating sites, D, ZnS
and Fgy. Figure 2b illustrates the posterior distribution of
the parameter .

Discussion

msABC facilitates the sampling process of an ABC analy-
sis. The command line is similar to the command line of
ms, thus shortening the learning curve for a user who is
familiar with ms.

Although msABC can be used to simulate single loci,
most demographic analyses in molecular population
genetics are characterized by large data sets composed of
several chromosomal fragments scattered along the ge-
nomes (Nordborg et al. 2005; Ometto et al. 2005; Hutter
et al. 2007). msABC can simulate multi-locus data sets,
where each fragment is characterized by its own length,
sample size, recombination rate and mutation rate.
msABC provides a collection of commonly used sum-
mary statistics that allow to quantify levels of polymor-
phisms, LD, population differentiation and the shape of
the frequency spectrum of derived mutations. The com-
plete list of available summary statistics can be found in
the user’s manual (see http://bio.Imu.de/~pavlidis/
msabc).

Furthermore, msABC extends the flexibility of Hud-
son’s ms by allowing variable sample size among frag-
ments and missing data simulation. It allows to analyse
data sets that contain missing data by simulating them
and then calculating summary statistics. This may be
important in demographic inference of large data sets
which typically consist of a large amount of incomplete
information (e.g. http:/ /www.dpgp.org/).

The speed performance can be important for large
data sets. Assuming that simulating data of tens or hun-
dreds of kb (with typical values of recombination rates)
for a sample that consists of hundreds or thousands of
individuals may require months of computational time,
an improvement of five to six times shortens consider-
ably the time of the inference project. This is especially
true if the project is carried out on personal computers
instead of cluster machines (Fig. 1).

Alternative ways to obtain summary statistics from
simulated data could be implemented by replicating ms
commands with different parameters. In the best case,
this would require extensive scripting for calculating the
priors and summary statistics. However, when missing
data are included in the data set or the sample sizes of
loci vary, it would not be possible to perform simulations
that match the observed data.

msABC can be used to examine the relationship
between parameters and summary statistics (Fig. 2a).
This helps to inspect the usability of certain summary

statistics in estimating parameters. Summary statistics
that are related monotonically to target parameters are
expected to be useful for estimating them. Additionally,
msABC can be used to obtain the null distributions of a
multitude of summary statistics under demographic
models.

msABC outputs samples from the joint distribution of
parameters and summary statistics under a given demo-
graphic model. A follow-up step in the analysis (rejec-
tion) retains the closest points to the observed data. The
parameter values that have been used to generate those
simulations comprise an approximation of the true pos-
terior distribution of the parameters of interest. An
improvement of this approximation has been proposed
by Beaumont ef al. (2002) that corrects for the fact that the
accepted simulations never match precisely the observed
data (linear regression). A more sophisticated approach
has been suggested by Blum & Frangois (2009). msABC
does not perfom the rejection and regression steps. Algo-
rithms needed to perform these postsampling steps have
been implemented elsewhere [e.g. abcReg by K. Thornton
(http:/ /www.molpopgen.org/software/abcreg) or non-
linear regression models by Blum & Frangois
(2009) (http:/ /membres-timc.imag.fr/Michael.Blum/my_
publications.htmD)].

A critical point in ABC refers to the model choice (Prit-
chard et al. 1999; Fagundes et al. 2007). Typically, differ-
ent demographic scenarios are simulated, and the
scenario with the highest relative posterior probability is
then used (Fagundes et al. 2007, Frangois et al. 2008).
However, this model does not necessarily provide a good
fit to the observed data, because it simply indicates the
best model among the tested models (Ratmann ef al.
2009). Therefore, once the best model and its parameters
have been inferred, it is necessary to investigate whether
simulations under this model are able to predict the
observations (predictive simulations).

Finally, in ABC, the set of summary statistics may be
crucial. It has been shown that uninformative summary
statistics add noise to the distance between simulations
and observations (Joyce & Marjoram 2008), thus they
should be avoided. Therefore, the smallest set of sum-
mary statistics that captures the information carried by
the data set should be used. The choice of summary sta-
tistics is an active area of research. Joyce & Marjoram
(2008) suggested a scheme for scoring statistics according
to whether they improve the inference. Alternatively,
Wegmann et al. (2009) proposed partial least square
regression (Boulesteix & Strimmer 2007) to reduce the
dimensionality. In Table 1, we suggest which summary
statistics should be used to infer certain demographic
parameters. However, because the information provided
by statistics may vary between demographic scenarios,
investigating the relationship between them and
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Table 1 Demographic parameters and population genetics
summary statistics that can be used for the inference of
parameter values. Summary statistics are described in the
section Calculation of summary statistics

Demographic parameters Summary statistics

0 (population mutation rate) Ow (orS), 0,
p (population recombination rate) ZnS

Time of population size expansion Ow (orS), 0, D

Time of population size contraction Ow (orS), 0, D, ZnS

Magnitude of population size change Ow (orS), 0, D, ZnS

Migration rate (island model) Fsr

7 (time of divergence between two Pairwise Fsr
populations)

demographic parameters under various demographic
scenarios of interest is necessary.
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