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III. POPULATION HISTORY MODELLING



We are interested in genetic structure of a
population(s) and HOW HAS BEEN CREATED
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POpLIlatIOI"I hIStOry (& genetic data)

m Past evolutionary and demographic processes have left
traces in the genetic variation — analyzing them we
attempt to reconstruct evolutionary history of

populations

m Studying population history = modelling
— Selection of the most appropriate model (evolutionary
scenario)

— Estimation of parameters (e.g. time of events,
number of founders, duration of bottlenecks,
population size, mutation rate)

m Description of recent invasions (invasion genetics)
m Description of older history (phylogeography)



Inferring population history — ABC modelling

m We have observed data (e.g. microsatellite genotypes)
m \We know genetic variation and structure

m We would like to know which demographic processes and how and
when have created such an observed data = population
evolutionary history

m Why is ABC approach useful in modelling population history?

Simple b Complex

It allows to deal with much more complex
models with many parameters and a lot of
complex data (many samples, populations,

genetic loci, sequences)

and hence models much more realistic



Approximate Bayesian Computation

m model choice and parameter estimation

m exact LIKELIHOOD function is intractable in complex
situations and can be bypassed (approximated) by a
SIMILARITY MEASURE between many simulated (under
various models) and a single real (observed) data

m data SIMULATION under various models

m COMPARISON of simulated and observed data — model
choice

m Acoording to the most supported model we can ESTIMATE
VALUES of its parameters — parameter estimation



by the Genetics Sociers of America

Approximate Bayesian Computation in Population Genetics

Mark A. Beaumont,™' Wenyang Zhang' and David J. Balding?

NEW APPROACH
Approximate Bayesian Computation (ABC)

Beaumont et al. 2002, Genetics
- estimations of parameters
- useful for model choice among various scenarios applied on the same data

- the likelihood criterion is replaced by a similarity criterion
between simulated & observed datasets

- measured by a distance between summary statistics computed on both
datasets
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Comparison of simulated and real dataset to infer probability of various

models (evolutionary scenarios of population history)
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Carnuet et al. BMC Bioinformatics 2010, 11:401
httpyfwww. biomedcentral com/ 147 1-2105/11/401

RESEARCH ARTICLE Open Access

BMC
Bioinformatics

Inference on population history and model
checking using DNA sequence and microsatellite
data with the software DIYABC (v1.0)

Jean-Marie Comuet’, Virgine Ravigné®, Amaud E

APPLICATIONS NOTE

DIYABC v2.0: a software to make approximate Bayesian computa-
tion inferences about population history using single nucleotide
polymorphism, DNA sequence and microsatellite data

Jean-Marie Cornuet', Pierre Pudlo™-*°, Julien Veyssier' >, Alexandre Dehne-Garcia™*, Ma-

: —~ - 13 . 1.3 : fmgeiand 3 1 11T. 1.3 %
thieu Gautier ~, Raphaél Leblois™ °, Jean-Michel Marin™ °, and Arnaud Estoup
T Inra. UMR1062 Cbgp. Montpellier. France, ~ Universite Montpellier 2, UMR CNRS 5149, I3M. Montpellier, France.
? Institut de Biologie Computationnelle (IBC). 95 rue de la Galéra. 34095 Montpellier. France, * CNRS-UM2. Institut de

Biologie Computationnelle. LIRMM, Montpellier, France

no simple software solution => inaccessible to most

biologists
BUT NOW - Do

It Yourself: software

allows to infer populaton history using the ABC

approach

(Cornuet et al. 2008, 2010, 2014)



DIYABC

~

@& DIYABC 2.04 (19-03-2014)

File Help
£ New MSS [T |New SNP

[=30pen

k= save

e Save all

cuddiivas

A computer software fo make
inference on population evolufio-
hary history using genefic data
(microsatellites, DNA sequences and
SNPs) obtained from population
samples

hHp:/lwww.montpelIier.inré.frICBGP/digabcl

2.0.4

New Microsat/Sequence project | | New SNP project | Open project




Genetic data

m Sequences
m SNPs

m Genotypes




SOURCE REGION Historic background

sample Y

COLONIZED
REGION

Genetic data (microsatellites, SNPs)
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SOURCE REGION Historic background
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Scenario 3

Prior distribution of parameters describing the scenario:
Ty, Tz --- divergence times — establishment of Y and Z
populations
Uniform distribution (min 100, max 500 generations)
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Prior distribution of
parameters
describing the model
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DIYABC works in 3 steps

1. SIMULATION STEP:
a very large reference table is produced S————
and recorded Q from prior distrbutions

Simulate genefic dala according lo
scenario and mutation mode

SIMULATION STEP

For each scenario {
- repeal # fimes
Compute summ ary staiistics

Retord parameter and summary stalistic
values in a reference tabla file

2. REJECTION STEP:
only the simulated data closest to the REJECTION STEP
observed dataset are retained Canpue dstacessebon e
based on Euclidian distances in R sl il s
multidimensional space of summary
statistics

ESTIMATION STEP

Eslimale poslerior probabilily
of SCenEnos oy logIsie regression

Estimate posterior distibution
of parameter oy local Inear regression
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Comparison of our observed dataset with simulated ones

and inferring posterior distributions of scenarios
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Now: posterior distributions will be estimated
according to the winning scenario



DIYABC works in 3 steps

1. SIMULATION STEP:
a very large reference table is produced S————
and recorded Q from prior distrbutions

Simulate genefic dala according lo
scenario and mutation mode

SIMULATION STEP

For each scenario {
- repeal # fimes
Compute summ ary staiistics

Retord parameter and summary stalistic
values in a reference tabla file

2 REJECTION STEP: REJECTION STEP
only the simulated data closest to the Compute dstances between observed
. and simulated summary statistics
observed dataset are retained |

Relan simulaled dala sels
closest fo observed dafa

3. ESTIMATION STEP:

Estimating posterior distributions of
parameters through a local linear of et postero probaily
regression procedure '

ESTIMATION STEP

Estimate posterior distibution
of parameter oy local Inear regression




Posterior distributions of parameters are estimated

according to the most supported scenario
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Description of Rattus rattus spread In

Senegal as revealed from ABC

Konecny et al. 2013,
Molecular Ecology
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