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Abstract
Genetic data are often used to infer demographic history and changes or detect genes under selection. Inferential methods are
commonly based on models making various strong assumptions: demography and population structures are supposed a
priori known, the evolution of the genetic composition of a population does not affect demography nor population structure,
and there is no selection nor interaction between and within genetic strains. In this paper, we present a stochastic birth-death
model with competitive interactions and asexual reproduction. We develop an inferential procedure for ecological,
demographic, and genetic parameters. We first show how genetic diversity and genealogies are related to birth and death
rates, and to how individuals compete within and between strains. This leads us to propose an original model of phylogenies,
with trait structure and interactions, that allows multiple merging. Second, we develop an Approximate Bayesian
Computation framework to use our model for analyzing genetic data. We apply our procedure to simulated data from a toy
model, and to real data by analyzing the genetic diversity of microsatellites on Y-chromosomes sampled from Central Asia
human populations in order to test whether different social organizations show significantly different fertilities.

Introduction

Demographic, spatial or genetic structures affect genetic
diversity because they determine genetic flows between
lineages, relationships between individuals, and coalescent
rates (Charlesworth et al. 2003). In turn, genetic poly-
morphism within and between taxa is commonly used for
estimating population structures (Goldstein and Chikhi
2002, Müller et al. 2017) or demographic changes (Beich-
man et al. 2018), to infer population history, migration
patterns, or to search for genes under selection (Stephan
2016). These methods are mostly based either on the site
frequency spectrum, the identity per state or descent, or on
summary statistics in an Approximate Bayesian Computa-
tion (ABC) framework (Beaumont et al. 2002).

Statistical testing and model selection are generally
performed under simplifying assumptions which allow
computations of quantities such as the likelihood of a
model, in particular under neutrality. For instance, under the
Wright-Fisher model, the population size is supposed
deterministic: it is known at any given time and independent
of the composition of the population, i.e., it is supposed that
the mechanisms underlying the variations of the population
size are extrinsic and without noise. Individuals thus
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compete for space but the carrying capacity of the envir-
onment does not change because of the evolution of the
population itself, or because of extrinsic or intrinsic sto-
chasticity. In birth-death models, population size can vary
but populations can grow indefinitely because individuals
do not interact. In addition, the Wright–Fisher and birth-
death models are most often supposed neutral when used for
demographic inference, i.e., the reproduction and survival
rates do not depend on the genetic lineage (but see a recent
birth-death model without interactions where rates can
depend on mutations Rasmussen and Stadler 2019).

Yet, the assumptions of neutrality, extrinsic control of
population size or non-interacting individuals are certainly
often violated. For instance, genealogies of the seasonal
influenza virus show important departure from neutrality
which might suggest that selection and interaction between
lineages are important enough to significantly affect evo-
lution and the shapes of the phylogenetic trees (Bedford
et al. 2011, Strelkowa and Lässing 2012). Reproduction
rates and carrying capacities have also been shown to
depend on strains in the domesticated yeasts (Spor et al.
2009), and the ecological literature contains many cases
where competitive interactions vary among strains or spe-
cies (Gallieni 2017). Finally, not explicitly including com-
petition in spatially structured population leads to biological
inconsistencies in population genetics models (Felsenstein
1975). Developing models and inference methods which
relax such hypotheses is thus a contemporaneous challenge,
in order to improve our knowledge of the history and
ecological features of species and populations. As empha-
sized by Frost et al. (2015), this challenge is particularly
important for the analysis of phylodynamics in clonal spe-
cies such as viruses.

Some of these assumptions have been already relaxed.
For instance, Rasmussen and Stadler (2019) developed a
model where reproductive and death rates can differ
between lineages which can emerge because of spontaneous
mutations. They applied their method on Ebola and influ-
enza viruses in order to have estimates of fitness effects of
mutations from phylodynamics. Indeed, variation of death
and birth rates between lineages can affect viruses phylo-
genies, which can be detected and used to infer the effect of
mutations. However, they supposed no interaction between
lineages, discarding a possible effect of competition
between viruses strains.

In this paper, we present a model and an inference
method which allow the relaxation of several of these
assumptions. First, in section “Genetic diversity in an eco-
evolutionary dynamics with three timescales: The sub-
stitution Fleming–Viot process (SFVP)”, we recall the sto-
chastic process describing the eco-evolution of a structured
population with ecological feedbacks (introduced in Billiard
et al. 2015). This model takes into account: (i) A trait

structure that can affect birth, death and competitive rates.
The traits, which evolve because of mutations and selection,
are seen as proxies for the species, taxa or strains; (ii)
Explicit competitive interactions between and within
lineages; (iii) Varying population sizes depending on the
genetic composition of the population, i.e., the carrying
capacity depends on the ecological properties of existing
strains (their birth, death, and competitive rates). The model
assumes that reproduction is asexual, that mutations
affecting fitness are rare, and that neutral mutation
follows an intermediate timescale between reproduction
and death rates (the ecological timescale) and the rate at
which mutations affecting fitness appear (the evolutionary
timescale). Second, in section “Genealogies in a
forward–backward coalescent with competitive interac-
tions”, a new forward–backward coalescent process is
proposed to describe the phylogenies in such a population.
The forward step accounts for interactions, demography and
evolution of trait structures, defining the skeleton on which
the phylogenies of sampled individuals can be reconstructed
in the backward step. Phylogenies of structured populations
have been previously modeled in nested coalescent models
(e.g. Benitez et al. 2018, 2020, Duchamps 2018, Verdu
et al. 2009) but, in our case, interactions within and between
lineages, ecological feedbacks between selection and
population size, and multiple coalescence mergers, are
taken into account. Contrarily to Λ-coalescent models pro-
posed in the literature (Donnelly and Kurtz 1999, Pitman
1999, Sagitov 1999), multiple merging here are not due to
sweepstakes reproductive successes but they appear as a
consequence of natural selection via mutation-competition
and timescales. Third, in section “ABC inference in an eco-
evolutionary framework”, we develop an ABC framework
in order to estimate the parameters of the model from
genetic diversity data. We show how ecological parameters
such as individual birth and death rates, and competitive
abilities can be estimated. Finally, we apply our inferential
procedure on simulated data from an eco-evolutionary toy
model, and on genetic data from Y-chromosomes sampled
in Central Asia human populations (Chaix et al. 2007,
Heyer et al. 2015) in order to test whether different social
organizations can be associated with differences in fertility.

The forward–backward coalescent model

In the current work, we extend the population model
developed in Billiard et al. (2015) (following Champagnat
2006, Champagnat and Méléard 2007, Metz et al. 1996) to
include phylogenies and develop a statistical ABC proce-
dure that we apply on simulated and real datasets. The eco-
evolution of a structured population with ecological feed-
backs is described by a stochastic process. The population is

336 C. Lepers et al.



structured by traits, considered as proxies for species, taxa
or strains. These traits can affect birth, death and competi-
tive rates, and new traits are generated by mutations.
Explicit competitive interactions are modeled between
individuals of the population with intensities depending on
the traits, inducing varying population sizes depending on
the genetic composition of the population. Also, a marker
structure is added. Markers are assumed neutral in the sense
that they have no impact on fecundity, survival or compe-
tition. They are introduced in the model to measure the
neutral diversity and allow the reconstruction of the phy-
logenies. The model assumes asexual reproduction and
complete linkage between traits and markers, and that the
population evolves following three timescales. First, the
ecological timescale: birth and death rates occur at a fast
rate. Second, marker mutations arise slightly slower than the
ecological timescale. Finally, mutations on the trait under
selection occur at the slowest timescale. This reflects for
instance that a large proportion of a genome is not com-
posed of traits under selection. This happens for example in
the influenza virus which shows a large diversity within
seasons despite a very rapid evolution and adaptation
(Neher and Bedford 2015).

Before precisely describing the application of the model
to infer demographic and genetic parameters within an ABC
framework, we summarize hereafter the main features and
outcomes of the model.

Genetic diversity in an eco-evolutionary dynamics
with three timescales: the substitution Fleming–Viot
process (SFVP)

We assume a population of clonal individuals character-
ized, on the one hand, by a trait x 2 X � Rd, which
affects the demographic processes such as birth, death,
and competitive interactions between individuals and, on
the other hand, by a vector of genetic markers
u 2 U � Rq, supposed neutral (i.e., u does not affect the
demographic process). Individuals with trait x give birth
at rate b(x), and d(x) is their intrinsic death rate. The
competitive interactions between individuals with traits x
and y add an effect C(x, y) on the individual death rate.
When the population is large, the evolution of the popu-
lation can be decomposed into the succession of invasions
of favorable mutations on the trait x, because ecological
processes are very fast, and the population jumps from
one state to another. The neutral marker also evolves
between each adaptive jump, at a faster timescale that is
compensated by mutations of small effect. Since the
ecological parameters change after each adaptive jump on
trait x (the birth rate, death rate and the population size
change), the evolution of the neutral marker also changes.
Hence, even if the marker is neutral, its own evolution

depends on the state of the population at a given time,
especially on the competitive interactions C(x, y) between
individuals with traits x and y. Overall, the joint eco-
evolutionary dynamics of the neutral marker and the
selected traits can be approximated by the so-called
Substitution Flewing–Viot Process (SFVP, (Billiard et al.
2015), see Appendix A in supplementary materials for
details).

Distribution of the trait x between two adaptive jumps

At the ecological timescale, when the population is large, p
strains with traits x1, …xp can coexist. Between two adap-
tive jumps, the trait distribution in the population remains
almost constant. Indeed, the size of subpopulations can vary
but are expected to stay close to their equilibriabnðx1; x1; ¼ ; xpÞ; ¼bnðxp; x1; ¼ ; xpÞ; given by the follow-
ing competitive Lotka–Volterra system of ordinary differ-
ential equations (ODE) that approximates the evolution in
the ecological timescale:

dntðxjÞ
dt

¼ ðbðxjÞ � dðxjÞ �
Xp
‘¼1

Cðxj; x‘Þntðx‘ÞÞntðxjÞ; j 2 f1; ¼ ; pg;

ð2:1Þ

where nt(x) can be seen as the density of individuals of
strain with trait x. The equilibrium bnðxi; x1; ¼ ; xpÞ of the
strain with trait xi depends on the whole trait structure of the
population which is in turn defined entirely by the set of
traits present in the population (the arguments of bn given
after the semicolon).

Change of the distribution of the trait x during an adaptive
jump

In the timescale of trait mutations occurring in a population
composed of p strains with traits x1, …xp and respective
sizes bnðx1; x1; ¼ ; xpÞ; ¼ ;bnðxp; x1; ¼ ; xpÞ, when a muta-
tion on trait xi occurs at time t, a new strain is introduced
with trait xi + h where h is drawn in a distribution m(xi, h)dh
(mutations on trait x are not necessarily small, i.e., selection
can be strong). Whether the mutant strain invades or not the
population depends on its invasion fitness defined by

f ðy; x1; ¼ ; xpÞ ¼ bðyÞ � dðyÞ �
Xp
j¼1

bnðxj; x1; ¼ ; xpÞCðy; xjÞ

ð2:2Þ

(Champagnat, 2006, Champagnat et al. 2006, Metz et al.
1996). The mutant strain invades with probability
½f ðxiþh;x1;¼ ;xpÞ�þ

bðxiþhÞ , in which case the population jumps to a

new state given by the solution of the Lotka–Volterra ODE
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system (Eq. (2.1)) updated with the introduction of the
mutant strain ðbnðx1; x1; ¼ ; xp; xi þ hÞ; ¼bnðxi þ h; x1; ¼ ;

xp; xi þ hÞÞ. In the new equilibrium, some former traits x1,
…, xp may be lost. The evolution of the trait can thus be
described by a Polymorphic Evolution Sequence (PES), i.e.,
the succession of the adaptive jumps of the population from
one state to another (Champagnat and Méléard 2011). For a
visual abstract of the PES, see Fig. A.1 in supplementary
materials.

Evolution of the neutral marker

When the mutant strain with trait x = xi + h invades the
population, say at time 0, an adaptive jump occurs. Let us
denote by u the marker of the first mutant individual (x, u).
Initially, the distribution of the neutral marker within strain i
and trait x, is thus composed of a single individual with
marker u. The evolution of the marker distribution within
this strain is given by Fu

t ðx; dvÞ, the distribution at time t of
the marker values within the strain with trait x given the
initial value u. This distribution changes with time
depending on the supposed mutation kernel on the marker,
on the birth and death rates of individuals with trait x, and
on the competitive interactions C(x, y) with all the other
individuals of any trait value y ∈ {x1, …, xp, xi + h}.
Between two adaptive jumps, assuming small marker
mutations but not necessarily small trait mutations, how the
distribution Fu

t ðx; dvÞ evolves with time is given by the
following stochastic differential equation (see (Billiard et al.
2015)) (derivation details and a more general form are given
in Appendix A in supplementary materials)Z

U
ϕðvÞFu

t ðx; dvÞ ¼ ϕðuÞ þ bðxÞ
Z t

0

Z
U
ΔϕðvÞFu

s ðx; dvÞ
� �

dsþMx
t ðϕÞ:

ð2:3Þ
The left side of the equation can be seen as the expectation
of the distribution of the marker value at time t, where ϕ is a
test function (supposed twice differentiable on U). Different
choices of functions ϕ will provide descriptors of the
distribution Fu

t (for example ϕ(v) = v gives the mean of the
distribution). The right side of the equation tells what is the
expected form of the distribution. The first term on the right
side gives the initial conditions: the first mutant with trait x
has a marker value u, hence the initial condition for the
distribution is ϕ(u). The second term on the right side
integrates the changes of the distribution which are only due
to mutations on the marker between time 0 (the invasion
time of x) and t. Since mutation only occurs at birth, the rate
at which F changes with mutation is proportional to the
birth rate b(x). Within the integral, Δϕ(v) is the Laplacian of
the function ϕ which gives the rate of change of F in all the
dimensions of the marker values (which depends on the

assumptions made on the mutation kernel and can be
generalized, see Appendix A in supplementary materials).
The last term Mx

t ðϕÞ on the right side gives the changes of F
which are due to the ecological processes, i.e., the
fluctuations due to the birth and death of the individuals
with trait x. Mx

t ðϕÞ is a martingale i.e., a square integrable
random variable with mean 0 and variance

VarðMx
t ðϕÞÞ ¼

2bðxÞbnðx; x1; ¼ ; xp; xi þ hÞ

�
Z t

0
E

Z
U
ϕ2ðvÞFu

s ðx; dvÞ �
Z
U
ϕðvÞFu

s ðx; dvÞ
� �2

 !" #
ds:

ð2:4Þ

The fraction in the right hand side (r.h.s.) of Eq. (2.4)
corresponds to the demographic variance 2b(x) divided by
the effective population size

NeðxÞ ¼ bnðx; x1; ¼ ; xp; xi þ hÞ: ð2:5Þ
The population effective size, which partially governs the
evolution of the diversity at the neutral marker, depends
on the trait value x, but also on the whole trait distribution
x1, …, xp, xi + h. In particular, it means that the variance
in the neutral diversity within the strain with trait x
depends on the competitive interactions of the latter with
all the other strains.

Genealogies in a forward–backward coalescent with
competitive interactions

Genealogies are piecewise-defined and constructed by divid-
ing time between intervals separating adaptive jumps of the
PES, following a forward–backward coalescent process.
Since the evolution of trait x depends on the current dis-
tribution of the traits in the population, the PES tree is con-
structed forward in time where the successive adaptive jump
times are denoted by ðTkÞk2f1;¼ Jg, with T0 = 0 and J is the

number of jumps that occurred before time t. During the PES,
a subpopulation with trait xi has its own coalescent rate on the
markers which depends on its reproductive rate b(xi) and on
the distribution of the traits in the whole population (Eq.
(2.5)). Genealogies are thus expected to be different among
the different strains and between different adaptive jumps of
the PES. Between adaptive jumps, since under our assump-
tions trait x distribution and population size are supposed
fixed, within-strains genealogies can be constructed backward
in time. Given the PES during the time interval [Tk, Tk+1) (k ∈
{0, …J − 1}) and the trait distribution {x1, …xp}, the
genealogy of the individuals within the strain with trait xi is
obtained by simulating a Kingman coalescent with coales-

cence rate 2bðxiÞbnðxi;x1;¼ ;xpÞ
(Eq. (2.4)). When an adaptive jump
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occurs at time Tk, all lineages in the subpopulation of strain
xi instantaneously coalesce because a single mutant is
always at the origin of a new strain during the PES. Note
that coalescence is instantaneous under the assumptions
underlying the PES, i.e., at the timescale governing the
evolution of the trait, the transition to fixation of the mutant
trait is negligible. The allelic state at the marker is deter-
mined given the previously constructed genealogy,
depending on the mutational model considered.

A more formal definition of the coalescent and associated
proofs are given in Appendix A.3 (see supp. mat.). A
simulation algorithm for the construction of genealogies
under our model is given in Appendix A.4 (see supp. mat.).

ABC inference in an eco-evolutionary
framework

We showed in the previous sections that the genetic
structure of a sample of n individuals can be related to
the parameters of our eco-evolutionary model. We now
aim at using this framework to infer genealogies, eco-
logical and genetic parameters from genetic and/or
phenotypic data sampled in a population at time t. In
other words, given a dataset containing the genotype at
the marker u and the genotype or phenotype at the trait x
for the n sampled individuals, we want to infer the
parameters of the model: birth, death and competitive
interaction rates, mutation rates, etc. Since we have only
a partial information on the population (n individuals are
sampled and possible extinct lineages are unobserved),
the likelihood of a model given the data have no tractable
form. Indeed, given a possible genealogy of the n indi-
viduals, an infinite number of continuous genealogical
trees could be obtained from the model. The likelihood
of each tree depends on the number and the traits of the
different subpopulations (or strains) during the history of
the population, including the unobserved and extinct
ones. Because summing over all possible unobserved
data (number of unobserved and extinct lineages with
their traits and adaptive jump times) is not feasible in
practice, we have to make inference without likelihood
computations.

An alternative to likelihood-based inference methods is
given by the Approximate Bayesian Computation (ABC)
(Beaumont et al. 2009, 2002), which relies on repeated
simulations of the forward–backward coalescent trees
(section “Genealogies in a forward–backward coalescent
with competitive interactions”). In the following, we briefly
give a general presentation of the application of the ABC
method to our model. We then apply the method to simu-
lations of a toy model (the Dieckmann-Doebeli model) and
to real data (genetic data on microsatellites on the Y

chromosomes of human populations from Central Asia,
with their social and geographic structures).

ABC estimation of the ecological parameters based
on the genealogical tree

The dataset denoted z contains the genotype and/or phe-
notype on the trait x and the marker u for each of the n
sampled individuals. The trait x can be geographic loca-
tions, species or strain identity, size, color, genotypes or
anything that affect the ecological parameters and fitness.
The marker u can also be genotypic or phenotypic mea-
sures, discrete or continuous, qualitative or quantitative, but
with no effect on fitness (the marker is supposed neutral).
Our goal is to use the dataset z to estimate the parameters of
the model denoted θ (in our case, birth and death rate,
competition kernel, mutation probabilities and kernel) using
an ABC approach. To do so, the following procedure is
repeated a large number of times:

● 1st step. A parameter set θi is drawn in a prior
distribution π(dθ);

● 2nd step. A PES and its neutral nested genealogies of the
n sampled individuals are simulated in each model
associated with the parameters θi;

● 3rd step. A set of summary statistics Si is computed from
the data simulated under θi, for each i.

The posterior distribution of the model is then approximated
by comparing, for each simulation i, the simulated summary
statistics Si to the ones from the real dataset and by
computing for each parameter θi a weight Wi that defines the
approximated posterior distribution (see Formula B.1 in
supplementary materials). Three categories of summary
statistics have been used, each associated with a different
aspect of the genealogical tree (the complete list of
summary statistics is given in Appendix D in supplementary
materials):

– The trait distribution describing the strains diversity and
their abundances (e.g., number of strains, the mean and
variance of strains abundance, ...);

– The marker distribution in the sampled population
describing the neutral diversity within each sampled
strain (e.g., the M-index, Fst, Nei genetic distances,...);

– The shape of the genealogy (e.g., most recent common
ancestor, length of external branches, number of
cherries, ...).

Depending on the dataset and the information available
for a given population, four scenarios can be encountered:

Scenario 1. Complete information: The evolutionary
history of the trait and the genealogies, populations and
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subpopulations abundances, values of the sampled indivi-
duals on the trait x and the marker u. This situation certainly
never occurs but it is a reference which allows to evaluate
the expected ABC estimation in a perfect situation where all
information is available. This situation can also include
cases where independent information can be added such as
fossil records;

Scenario 2. Population information: Total population
abundance, values of the trait x and marker u of the sampled
individuals. The estimations given with those statistics
represent the estimations one could expect with a complete
knowledge of the present population;

Scenario 3. Sample information: The number of sam-
pled sub-populations, the values of the trait x and the marker
u of the sampled individuals;

Scenario 4. Partial sample information: Only the
number of sampled sub-populations and the values of the
marker u of the sampled individuals.

The four situations will be compared regarding the
quality of the ABC estimations of the model parameters.

Application 1: Inference of the parameters in the
Dieckmann–Doebeli model

In this section, we applied the ABC statistical procedure on
the traits distribution and their phylogenies generated by a
simple eco-evolutionary model (Champagnat et al. 2006,
Dieckmann and Doebeli 1999, Roughgarden 1979). The birth
rate of an individual with trait x is bðxÞ ¼ expð�x2=2σ2bÞ, the
individual natural death rate is constant d(x) = dC, and the
competition between two individuals with traits x and y is
Cðx; yÞ ¼ ηc expð�ðx� yÞ2=2σ2cÞ, σc > 0. The trait space is
chosen to be X ¼ ½�1; 1�. The effect of a mutation on the
trait x is randomly drawn in a Gaussian mutation kernel with
mean 0 and variance σ2m (values outside X are excluded). The
probability of mutation is p. The markers are assumed to be a
vector of 10 microsatellites, each of them mutating with the
same rate q. When a microsatellite mutates, we increase or
decrease its value by 1 with equal probability.

The distribution of the phylogenies depends on the
parameter θ = (p, q, σb, σc, σm, dc, ηc, tsim), where tsim is the
duration of the PES (tsim is not known a priori and must be
considered as a nuisance parameter).

Posterior distribution and parameters estimation

We ran N = 400,000 simulations with identical prior dis-
tributions and scaling parameter K = 1000 (see details in
Appendix B). Chosen parameter sets and prior distributions
are given in Appendix A.4. We randomly chose four
simulations runs among the N simulations as pseudo data-
sets (these sets are named A, B, C, and D, see Appendix C,
Table 1 and Fig. 1). All other simulations runs were used for

the parameters estimation. Figure 2 shows the posterior
distribution for one of the the pseudo dataset (see Appendix
E for full results). Our results show that estimates based on
all statistics (Scenario 1, blue distribution) are not always
the most accurate, suggesting that some of the descriptive
statistics introduce noise and worsen estimate accuracy.
However, the descriptive statistics providing knowledge
about how population is trait-structured do not belong to
this group and importantly improve estimation when
available (compare orange vs. red posterior distributions).

The impact of the number of microsatellites on the
quality of the estimation is tested for the first pseudo dataset
A (see Appendix C, Table 1) with the number of micro-
satellites varying from 10 to 100. A sensitivity analysis is
shown in the supplementary materials, Fig. E.4: the results
are quite robust to this number. For some parameters such
as tsim, better precision is achieved with increased number of
microsatellites, and for other parameters such as q or p, the
impact of the number of microsatellites is more visible
under Scenario 4 when we should rely a lot on the infor-
mation brought by the microsatellites.

Discrepancy with Kingman’s coalescent

After a correct renormalization, Kingman’s coalescent are
generally considered as a good approximation of coalescent
trees, even in structured populations. However, in our
model, the population structure itself can evolve, demo-
graphic rates can vary with time, and subpopulations can
interact with each other, which might strongly affect the
topology of the coalescent trees and their branches length.
In this section, our aim is to evaluate to what extent the
Kingman’s coalescent is a good approximation or not of the
genealogies generated by the Doebeli-Dieckmann’s model.
In case of a significant discrepancy, we further determined
the properties of the trees which show important differences
between both models, and then we identified and evaluated
the type and extent of errors that one would expect when
using Kingman’s coalescents for inference without taking
into account the evolution of population structure.

We considered statistics commonly used to test the neu-
trality of the phylogenies of n sampled individuals (Fu and Li
1993): the number of cherries Cn, i.e., the number of internal
nodes of the tree having two leaves as descendants, the length
of external branches Ln, i.e., edges of the phylogenetic tree
admitting one of the n leaves as extremity, and the time TMRCA

n

to the most recent common ancestor (MRCA). The distribu-
tions of the normalized Cn and Ln and the distribution of
TMRCA
n for the forward–backward Doebeli–Dieckmann’s coa-

lescent and the Kingman’s coalescent are compared. For
Kingman’s coalescent, asymptotic normality has been estab-
lished for Cn and Ln (see (Blum and François 2005, Janson and
Kersting 2011)). The distribution of TMRCA

n for the Kingman
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Fig. 1 Dynamics of a the trait x and b the neutral marker u of the
four pseudo datasets A, B, C, and D. These pseudo datasets are
randomly sampled among N = 400,000 simulations runs of the
Doebeli–Dieckmann’s model (Parameter sets are given in Appendix
Table 1). Figures show the Substitution Fleming–Viot Process (SFVP)
and the nested phylogenetic tree of n individuals sampled at the final
time of the simulation. a The trait x follows a Polymorphic

Evolutionary Substitution (PES) process introduced in Champagnat
and Méléard (2007). b The genealogies of the marker u follow a
forward–backward coalescent process nested in the PES tree as
described in section “Genealogies in a forward–backward coalescent
with competitive interactions”. The colors refer to the lineage to which
one individual belong shown in a.
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Fig. 2 Prior and posterior distributions (pseudo dataset A in Fig.
1). Black dashed curve: prior distribution; Vertical red line: true value.
The different colors correspond to different scenario regarding which
data are available or not: Blue, Scenario 1 (All descriptive statistics are

available); Pink, Scenario 2 (data from the totality of the population);
Red, Scenario 3 (data from a sample of the population); Orange,
Scenario 4 (data from a sample of the population, the traits x is not
known). Results for other pseudo datasets are given in Appendix E.
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coalescent is computed by using the fact that the trees are
binary with exponential durations between each coalescence.
Neutrality tests conditionally on the number of lineages m at
the time of sampling are performed using the behavior of these
statistics under the null assumption H0 that the phylogenies
correspond to a Kingman’s coalescent. For each m, we chose
as pseudodata one of the simulations of our model with m
species at the final time, and we performed normality tests for
Cn and Ln, and an adequation test for the expected distribution
under Kingman for TMRCA

n . This was repeated 100 times for
each value of m ∈ {1, …10} (details given in Appendix F).

Figure 3 shows the distributions of the a posteriori p-
values for the normality tests for Ln and Cn. The coalescent
trees significantly differ from Kingman’s coalescent trees
regarding the external branch length Ln (Fig. 3(a)), while the
number of cherries Cn is not always significantly different (the
p-values have a median close to 0.05, Fig. 3(b)). Finally, Fig.
3(c) shows the distribution of the time to the MRCA
depending on the number of lineages m. A mean comparison
test shows that the mean of the TMRCA

n s obtained from the
simulations of our forward–backward coalescent significantly
differs from the expected MRCA time under a Kingman’s
coalescent (see Appendix F.2). Hence, our results
show that coalescent tree topologies generated under a
Doebelli–Dieckmann’s model are expected to be significantly
different from a Kingman’s coalescent.

Figure 4 shows further comparison between Kingman’s
coalescent and the trees under our model. The distribution of
external branch lengths under our model follows an asymme-
trical leptokurtic distribution and it tends to be much shorter
than under a Kingman’s coalescent. The time to the MRCA is
also much longer under our model than the Kingman’s coa-
lescent. The distribution of the number of cherries follows a
symmetrical bell-shaped distribution flattened around the
mode.

Overall, we found that the coalescent trees generated by a
Doebeli–Dieckmann model significantly differ from a King-
man’s coalescent. In particular, we found that using a King-
man’s coalescent model and ignoring the trait structure of a
population tend to overestimate the recent coalescent times.
The genealogies generated by the forward–backward coales-
cent under a Doebeli–Dieckmann’s model are expected to
differ from a standard or renormalized Kingman’s coalescent
for various reasons: (i) there are multiple instantaneous coa-
lescence events when a new lineage appears; (ii) coalescence
rates differ among lineages, creating asymmetries in the
phylogenetic tree (trees can therefore be imbalanced); (iii)
coalescence rates vary in time since they depend on the
structure of the population and the traits present at a given
time; and (iv) eco-evolutionary feedbacks and competitive
interactions between lineages affect coalescent rates in the
whole population.

a b c

Fig. 3 Testing the difference with a Kingman’s coalescent. a
External branch length Ln: Box-plot of the p values of the
Kolmogorov–Smirnov test, for each value of the number of lineages m
at sampling time (in abscissa). b Number of cherries Cn: Box-plot of
the p values of the Kolmogorov–Smirnov test, as a function of m. For
a and b, 100 ABC analysis were done for each value of m and we
tested if the distribution of the normalized external branch length
follows a Gaussian distribution (H0). The threshold value of rejection

of H0, 0.05, is represented by the dashed red line. If the p values are
lower than this threshold, the distribution of the statistics (Ln or Cn) of
the forward–backward coalescent trees generated by a
Doebeli–Dieckmann model is significantly different than the one under
a Kingman’s coalescent. c Compared distributions of the age of the
MRCA for the forward–backward coalescent (plain line) and for the
Kingman’s coalescent (dotted line).
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Application 2: correlations between genetic and
social structures in Central Asia

In Anthropology, a common question is whether or not socio-
cultural changes can affect demographic parameters, such as
fertility rates. For instance, it is hypothesized that agricultur-
alists have a higher fertility than foragers (e.g., (Sellen and
Mace 1997)), which is supported by several studies (e.g.,
(Bentley and Goldberg 1993, Ross et al. 2016)). In this sec-
tion, we analyze genetic data in order to test whether popu-
lations with two different lifestyles and social organizations
show different fertility rates. Nineteen human populations
from Central Asia have been sampled in previous studies (Fig.
5(a), Chaix et al. (2007), Heyer et al. (2015)). Two types of
socio-cultural organizations are encountered: Indo-iranian
populations are patrilineal, i.e., mostly pastoral and orga-
nized into descent groups (tribes, clans...); Turkic populations
are cognatic, i.e., mostly sedentary farmers organized in
nuclear families. 631 individuals have been sampled (310
from a cognatic population, 321 from a patrilineal one). Ten
microsatellite loci have been genotyped on the Y-
chromosome. Since there is no recombination on the sexual
chromosomes in humans, it is appropriate to use our model
which assumes clonal reproduction. Hence, we will perform
ABC analysis on the genetic diversity following the paternal
lineages.

We considered that the trait x in the model is a vector
containing the geographic location of the population and the
social organization (cognatic or patrilineal). For geo-
graphical positions, given the Fig. 5(a), we consider that
geographic location is 1-dimensional: we can fit a

polynomial curve through the geographical positions of the
tribes:

PðxÞ ¼ 673:4� 25:13 xþ 0:327 x2 � 1:39 10�3 x3 ðR2 ¼ 0:92Þ:

Hence the location of each population is given by the
coordinates (x, P(x)) (Fig. 5(b)). The distance between
populations is computed thanks to the line integral along the
interpolated curve (see details in Appendix G.2). The
neutral marker u is a vector containing the genotype at the
ten microsatellites. Here we assume that the neutral marker
is fully linked with the trait corresponding to the social
organization.

Our aim is to use our ABC procedure on the genetic
data to estimate the parameters θ = (pxb01, b0, b1, ploc, q,
σloc, η0, η1, σc, tsim) of our model. The individual birth rates
is assumed to depend on social organization only and not
on geographic location: b0 for the patrilineal populations and
b1 for the cognatic ones. Death rates are supposed to be due to
density-dependent competition for the sake of simplicity: the
competitive effect of an individual located at coordinate y on
an individual in a patrilineal (resp. cognatic) population at

location y0 is supposed Cðy; y0Þ ¼ η0 exp �ðy� y0Þ2=2σ2c
� �

(resp. Cðy; y0Þ ¼ η1 exp �ðy� y0Þ2=2σ2c
� �

). The individual

death rate at location y is given by the sum of the competitive
effects of all individuals. We supposed that, with probability
ploc, an individual can found a new population after dispersal
(corresponding to a mutation on the trait x at birth, in other
words we supposed for simplicity that each new population is

a b c

Fig. 4 Histograms of a the renormalized external branch lengths, b
the renormalized number of cherries, c the time to the MRCA. The
simulations are shown for p = 0.0076, q = 0.7503, σb = 1.186, σc =
0.4951, σm = 0.1448, ηc = 0.0211 and tsim = 1025.619 (set of

parameter A in Table 1. Results for three other ‘reference’ sets are
given in App. F). The dashed line represents the distribution followed
by a Kingman’s coalescent (Gaussian distribution for a and b, simu-
lations for c).
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founded by a single individual). With probability pxb01, a
social organization change can occur. The location of the new
population is randomly drawn in a centered Gaussian with
standard deviation σloc. Following anthropological data, we
assumed that social organization changes are unidirectional
only from patrilineal pastoral to cognatic farmers populations
(Chaix et al. 2007). tsim and q respectively are the duration of
the coalescent and the marker mutation probability.

Estimating the parameter θ and using the ABC procedure
to select between alternative models will allow us to test
whether the null hypothesis

H0 : b0 ¼ b1; ð3:1Þ
is acceptable, compared to the alternative hypothesis Ha: b0
< b1 (see e.g., (Grelaud et al. 2009, Prangle et al. 2013,
Stoehr et al. 2015)). We generated a set of data with the a

Fig. 5 Geographic locations of the studied human populations from Central Asia. aMap of sampling locations from Heyer et al. (2015). Triangles
correspond to cognatic Indo-Iranian populations, quares to patrilineal Turkic populations. b Regression of the data to a 1-dimensional problem.
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priori probability 1/2 of having b0 = b1 and the a priori
probability 1/2 of having b0 < b1 (see details in Appendix
G.2). To do this, we generated 10,000 datasets with b0 = b1
and 10,000 datasets with b0 < b1. The ABC estimation
provides weights Wi for each of these 20,000 simulations
(see Eq. B.1) yielding the posterior distribution of the
parameters (see Fig. 6 and 7). These weights Wi also allow
to compute the posterior probabilities of each hypothesis,
H0: {b0 = b1} or Ha: {b0 < b1}. When the estimated
posterior probability for {b0 < b1} is larger than a certain
threshold α, the null hypothesis H0 is rejected.

We first checked the quality of the ABC estimation and of
the test (3.1) on simulated data. Among the 20,000 simula-
tions presented in the above paragraph, we chose
200 simulations to play in turn the role of the true dataset,
100 among those with b0 = b1 and 100 among those with b0
< b1. We obtained that parameters estimates were generally
close to the true values (Appendix G.2 in the supplementary
materials). We then use these 200 datasets to perform 200
tests (using for each of them the 19,999 other simulations).
Since we know for each of these 200 tests whether the data
are obtained under H0: {b0 = b1} or Ha: {b0 < b1}, this
provides insight on the power of our test and allows us to set
the threshold defining the critical region of the test. Here we
can choose this threshold α = 0.5 which is very natural (see
Appendix G.2). We can then conclude the test for the dataset
from Central Asia populations.

For the ABC test, we obtained an estimated posterior
probability for {b0 < b1} equal to 0.4518, below
the threshold α= 0.5, so that the null hypothesis H0 (3.1)
can not be rejected. The p-value of the test, estimated
as the proportion of these simulations wherebPðHa j SobsÞ � 0:4518, can be estimated to 47%. Hence

there is no significantly higher fecundity in cognatic
populations compared with patrilineal ones.

Discussion

Inferences from genetic data are most often performed
under three important assumptions in the existing literature.
First, the population size and structure are known para-
meters: either it is fixed or it follows a deterministic evo-
lution, according to a given scenario (e.g., expansion or
bottleneck, or a fixed structure with known migration rates
between sub-populations). Second, mutations are supposed
to not affect the genealogical trees, i.e., models are sup-
posed neutral. Selection is rarely explicitly taken into
account in inference methods (yet see for instance (Char-
lesworth et al. 2003, Johri et al. 2020), where background
selection can bias the estimation of demographic varia-
tions). Third, there is no feedback between the evolution of
the population and its demography: a selected mutation is
supposed not to affect the population size, or the population
structure. The most frequent models used in inference, the
Kingman’s coalescent and the Wright–Fisher model, make
the three assumptions altogether. The goal of the present
paper was to present a model and an inference method
which allow to relax all these assumptions. We showed that
by using an ABC procedure, it was possible to estimate
ecological, demographic and genetic parameters from gen-
otypic and phenotypic data.

Recently, Rasmussen and Stadler (2019) proposed a
birth-death model without interactions where mutations can
affect the birth and death rates of individuals in a strain,
which in return affects the genealogies. They showed how it

Fig. 6 Results of the ABC
estimation for the dataset of
Heyer et al. (2015) for Central
Asia human populations. The
prior distributions are plotted in
dashed lines and the posterior
densities in plain red lines.
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was possible to use phylogenies to estimate the effect of
mutations on fitness in some viruses. In our paper, we go a
step further by allowing interactions between individuals,
and population structure and demography that depend on
the evolution of the population. Our model assumes two
genetics traits, a selected trait which governs the structure of
the population, and a marker linked to the trait which is
neutral and used to infer the genealogy. We first showed
how genetic diversity at the neutral marker is related to the
evolution at the selected trait, and to the size and structure
of the population. We then used this relationship by
developing an ABC procedure which allows to estimate
ecological parameters based on genetic diversity at the
neutral marker and on the partial or total knowledge of the
population structure. We showed on simulated data that the
ABC procedure gives accurate estimates of ecological
parameters such as the birth, death and interactions rates,
and genetic parameters such as the mutation rate. Our
results also showed that non-neutral genealogies can easily
be detected under our framework.

The ABC procedure is well fitted to deal with complex
models if we can simulate the latter easily, which has
become increasingly common for most ecological models
(e.g., (Haller and Messer 2019, Legendre et al. 1995)).

Here, we applied our model and its ABC procedure to
reanalyze the genetic diversity of microsatellites on Y
chromosomes in Central Asia human populations. Genetic
diversity is compared between two social organizations and
lifestyles: patrilineal vs. cognatic. Previous studies showed
significantly different genetic diversity and coalescent trees
topologies, which was interpreted as evidence of the effect
of sociocultural traits on biological reproduction, due to
how wealth is transmitted within families (Chaix et al.
2007, Heyer et al. 2015). However, these conclusions were
obtained under simplifying assumptions: genealogies fol-
lowed a modified Wright-Fisher model, and the genetic
diversity and coalescent trees topologies were compared
independently, i.e., there was no interaction between
populations and between social organization. Such
assumptions dismissed the possibility that sociocultural
traits and social organization could change, that new
populations can be founded, and that competitive interac-
tions between individuals within and between social orga-
nizations might affect demography and evolution. We
relaxed all these limitations by applying our model. We
supposed that the trait under selection can affect the birth
rate. Contrarily to Heyer et al. (2015), we did not test
whether wealth transmission could explain differences in

a b

Fig. 7 Approximate posterior distributions for b0, b1 and b1–b0. a Approximate posterior distributions for b0 and b1, obtained by ABC on the
Central Asian database with 40,000 simulations. b Approximate posterior distribution of b1−b0. The posterior mean of b1 − b0, equal to 0.25, is
indicated as the vertical dashed red line.
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genetic diversity and coalescent trees topologies. Rather, we
addressed a long-standing question in anthropology: can
fertility be affected by a change in a social organization, in
particular with a change in the agricultural mode. We found
no evidence of a fertility difference between both kinds of
social organization. Our findings then ask the question why
human populations can adopt new sociocultural traits
without any strong evidence of a biological advantage.
Further analyses and data would be necessary to confirm
our results, especially regarding the number of children per
females. In the data, this information is based on a few
interviews that lack precision (see Table S3 in the supple-
mentary material of (Chaix et al. 2007)). However, since the
genetic diversity sampled in contemporaneous population is
due to long historical process, it seems difficult to estimate
fertility for several dozens or hundreds generations. Our
results only suggest that there is, on average, no evidence of
an effect of a social trait on fertility all along the history of
Central Asia human populations.

Our results on the reanalysis of sociodemographic para-
meters in Central Asia human populations should however
be taken cautiously because the posterior distributions of
some parameters were not narrow enough. We believe that
this limited accuracy is due to several factors. First, the
models we chose are complex and many parameters are
estimated, which has an inferential cost. This is a general
difficulty for inferential methods from genetic data, parti-
cularly in our case since our aim is to estimate at the same
time genetic, ecological and demographic parameters.
Determining the extent to which we can expect accuracy of
parameters estimation in such complex models is still an
open and challenging question. In any case, it is actually
difficult to assess the quality of our inferences without
alternative methods and models addressing the same ques-
tions. Second, our estimations are based on limited genetic
information (a dozen microsatellites). We expect our esti-
mations to be largely improved with more genetic and
genomic data. Further developments of our methods to such
type of data, for instance SNPs, are yet needed before
analyzing other datasets. We also want to stress out that
datasets containing both genomic, ecological and pheno-
typic data are scarce, which would actually limit our
capacity to apply our method on other datasets. We hope
that the development of methods such as ours will motivate
the collection of more integrated data in the future.

Our model is based on classical competitive Lotka–Volterra
equations, under the assumptions of rare mutations relatively to
ecological processes. The genealogies and genetic diversity
produced under such a model are then used to infer ecological
and demographic parameters. We showed that relaxing strong
assumptions of genetic models is possible, and that it allows to
provide new analysis methods based on the ABC procedure.
Even though we applied our inferential procedure only to

simulated genetic data or microsatellites genetic diversity, our
model is general enough to embrace any type of data: SNPs,
phenotypic traits, etc. The development of stochastic birth and
death models, with (this paper) or without (Rasmussen and
Stadler 2019) interactions open the way to new methods for
analyzing data. As highlighted by Frost et al. (2015), this is
particularly important for the study of epidemics and pathogens
evolution. These authors give a list of current challenges which
can partly be addressed thanks to the method and models
developed here. For instance, studying the role of the host
structure on the pathogens evolution and genetic diversity, or
the role of stochasticity, can be done along these lines using
more complex and realistic evolutionary models.

Data availability

The summary statistics from genetic data, simulations pro-
grams and scripts for the analysis are available at https://
github.com/ClotildeLepers/Coalescent_process_ABC_a
pplication
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