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Whatcanwe learnfrom populationgenomiocdata?
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Genomic data with Next Generation Sequencing
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Genomic

processes Demography

Selection

Evolutionary forces affecting the
history of populations

APast effective population sizes
APast migration rates

AMutation rate
ARecombination rate

MNatural selection

ABeneficial mutations involved in adaptation
ADeleterious mutations with negative effect



Demographic history of populations

Population tree

Past demographic events:
A Population split

A Migration events

A Changes in effective

population sizes (expansions g,
or bottlenecks) -
A Temporal changesin =
migration rates and effective t - SR S R

SIZeS




Why do we care about demographic history?

Demography affects the efficiency of natural selection

A Response to selection is different in smallarge populations,
with vswithout gene flow, etc.

Demographic history affects the genomade patterns

A 1t can be seen as a "null" model. Regions under selection are detected as
outliers.
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Gene trees within pedigrees

A Gene treegeflect the ancestral
relationship of sampled gene
copies

A For now, lets assume there is
no mutations Ppranch lengths
do not reflect mutations in
coalescent gene treés

A Because of transmission of
genes at each generation, at
each position of the genome
there is always a gene tree
describing the relationship of
gene copies in our sample.

A All individuals share the same
pedigree, but gene trees can
vary due to independent
segregation and recombination
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The same pedigree can lead to different
gene trees across the genome

/

Gene tree of a sample of size n=4 Chromosome 1
(2 diploid individuals)




The same pedigree can lead to different
gene trees across the genome

DI

Gene tree of a sample of size n=4 Chromosome 2
(2 diploid individuals)



Gene trees and pedigrees

A Although we have the same
pedigree, the gene trees at
different loci will be different

A Ancestral chromosomes that
did not contribute to our
sample can be ignored

A With recombination, different
regions of the chromosome will
have different (correlated) gene
trees
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Gene trees and pedigrees

A Although we have the same
pedigree, the gene trees at
different loci will be different

A Ancestral chromosomes that
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Gene trees vs. Population trees

Gene treegeflect the ancestral
relationship of sampled gene copies.

The relationship between populations
IS given by thgopulation tree. As

with pedigrees, the population tree
reflects the relationship between
populations that is shared by all
Individuals.

In phylogenetics it is usuallx assumed
that the gene tree reflects the
population/species tree.

However, in the time scale of
population genetics, gene trees at a
particular region of the genome
(locus) can be very different from the
population tree.

Nichols(2001) TREE
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Reconstructing the demographic history

from genomic data

Because of recombination, different regions of the
genome can have different gene trees

ADemographys expectedto affect the
entire genome

ANaturalselectionactson specific
functionalregions

Model without migration

A\

All gene trees are consistent with the
population tree. Independent gene
trees can be seen as independent

y

replicates of the same population tree.

awn
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Expected coalescent times Iin a constant size populatic

For a samplefn
lineagesthe
expectedTMRCAs
approximately4N,

1.30r2.6N-

Continuous time
(in 2N units)
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060r1.2N-}---

0.3 0r0.6N -}

2.00r4N-t

Present time -

W = Coalescent event

Discrete time
In generations

- What are the longest branches we expect in a stationary population?
- Do we expect the relative branch length to differ in large and small population:



The expected time 19\, but there is a large variance

Genome [ . I T

Five independent genomic regiorieom the same constant size populatiaon

| 1 [ 1 I | —— ‘ ‘ ’_:._—'—‘ I s—

Figure 4.2 Five replicates of the coalescent process with constant population size for a
sample of ten genes. Note the large variance in the time of the MRCA among replicates.

Hein et al (2004) Gene Genealogies, Variation and evolution



Gene trees in expanding populations

StationaryPopulation Expanding?opulation
past past

With less lineages
the longer the time
intervals between

coalescent events

0°00(

Most coalescent
occur in the ancestral
population, when the
size is smaller.
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A Coalescent ratés largerin smallerpopulations, andsowe expectsmallerintervals
betweencoalescentventsin smallerpopulations

A Coalescent ratés lower with alower numberof lineages andsowe expectedlarger
intervalsbetweencoalesceneventsas thenumberof lineagesdecrease



Stationary population !
gene trees at five genome regions
(all share same population history!)
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Figure 4.2 Five replicates of the coalescent process with constant population size for a
sample of ten genes. Note the large variance in the time of the MRCA among replicates.

Expanding population
gene trees at five genome regions

(all share same population history!) ‘ |

Figure 4.3 Five replicates of the coalescent with exponential growth, g = 1000, for a
sample of n = 10 genes. Note the smaller variance in the time until the MRCA compared
to the same quantity in Figure 4.2.

Hein et al (2004) Gene Genealogies, Variation and evolution



Gene trees for decreasing populations

StationaryPopulation BottleneckPopulation

past _ past
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Alf we could observe directly the gene trees, we
could easily reconstruct the population tree and
the demographic history.

A.dzi 6S R2 y20 206aSNWS 3I
AWe can still learn about gene trees from the

observed mutations and the allele frequencies in
samples



Adding neutral mutations to gene trees under
the Infinite sites model

Genetree with mutations Sequencealata
o ~ @ O O
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time

No backmutations nomultiple mutationson the samesite.



Adding neutral mutations

The shape of neutral coalescent trees only depend on the population demography, and not on the
mutational process. Assuming that all alleles have the same fitness, the mutational process can be
modeled as an independent process superimposed on a realized coalescent tree.

OO O O—m e— —— e

Mutations just accumulate along the branches of the tree accordingRoisson proceswith rate /. = A7
for the i-th branch of length;. The Poisson process is stochastic but it should be immedaieigus
that long branches will carry more mutations than short branches

Hein et al (2004) Gene Genealogies, Variation and evolution



We expect less rare variants in populations that went
through a bottleneck

A Mutationsaccumulatealongthe branches.

A The longer @ivenbranchthe morelikelyit becomeghat a mutation have
happenedonit.

StationaryPopulation BottleneckPopulation
past i}
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We expect more rare variants in expanding populations
than in populations with a constant size

StationaryPopulation ExpandingPopulation

past

Mutations shared
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Mutations only
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In an expanding
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Site frequency spectrum (SFS) Outgroup | ¢1 / / DX

A The SFS summarizes efficiently Individualm 1t ¢!/ / DX
genome_wide data Individual2 ATTCED X Data
Individual3 ATAGD X l
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A Assuming a single population
1Dimensional SFS

Observed
SFS



Site frequency spectrum (SFS) v
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Site frequency spectrum (SFS)

A The SFS summarizes efficiently
genome-wide data

A Assuming a single population
1Dimensional SFS

The SFS ignores information about linkage.

It is best suited for the study of many
unlinked (or recombining) DNA sequences.

In a stationary population, the expected
SFS relative frequencies are given by:

E(XI) = 2 Fu and Li, 1993
I

Qutgroup ! ¢! / / DX
Individualm ! ¢! / / DX
Individual2 ATTICED X Data
Individual3 ATACD X

4000

Observed
SFS

3000

SNP counts
2000

1000

0
|

0 1 2 3

Frequency of derived allele



CHROM

"Supercontig 1.
"Supercontig 1.
"Supercontig 1.
"Supercontig 1.
"Supercontig 1.
"Supercontig 1.

50"
50"
50"
50"
50"
50"

VCF (variant call format) files

POS

o

"246"
"549"
"668"
"765"
"780"

ID
NA
NA
NA
NA
NA
NA

QUAL
"44.44"
"144.21"
"68.49"
"108.07"
"92.78"
"58,38"

FILTER
NA
NA
NA
NA
NA
NA

FORMAT

"GT:
"GT:
"GT:
"GT:
"GT:
"GT:

AD:
AD:
AD:
AD:
AD:
AD:

DP:
DP:
DP:
DP:
DP:
DP:

GQ:
GQ:
GQ:
GQ:
GQ:
GQ:

PL"
PL"
PL"
PL"
PL"
PL"

BL2009P4 us23
"0|0:62,0:62:99:0,190,2835"
"1]/0:5,5:10:99:111,0,114"
NA

"9|0:1,0:1:3:0,3,44"
"0]0:2,0:2:6:0,6,49"
"0]0:2,0:2:6:0,6,49"

https://grunwaldlab.qgithub.io/Population Genetics in R/reading vcf.h



https://grunwaldlab.github.io/Population_Genetics_in_R/reading_vcf.html

We can obtain the SFS from genotype call data

Senouypes: R

A 0 homozygote for reference allele  individuai

0 2 0 1
A 1 heterozygote Individual2 0 0 1 0

. Individual3 1 0 0 0
A ai”r(lecl)(gnozygote for alternative T ) . .

Individual5 0 0 1 0
This can be done if we have \ 4
enough depth of coverage L -
(>10x) e
) 12 3 4 5 6 7 86 9 10

Observed SFS is a vector (1 dimensional SFS): derived allele frequency

n-----n-nn-

SNP count O



SFS from genotype call data

Even if we have millions of

SNPs we can summarize the
genomic data to 10 numbers 7
with the SFS!

250000

150000
|

SNF counts

The size of the SFS depends
on the number of sampled
individuals.

50000
I

e

o0 2 4 6 8 10

0
|

frequency derived allele
Observed SFS is a vector (1 dimensional SFS)

n-----n-nn-

SNP count 0 250,032 152,300 76,504 45,362 30,210 15,329 5,642 3,524 2,123




Derived vs Minor allele frequency spectrum

ASo far, we have assumed that the a
the number of sequences with the

frequency (unfolded SFS). We neec

lele frequency Is
erived allele
Information

(outgroup) to determine the ancestral/derived

State.

Alf we do not have that information, we can work
with the minor allele frequency (folded SFS). In this
case, the allele with a lower frequency Is treated as

the reference.



Folded SFS (minor allele frequency spectrum)

If you cannotdetermine the
ancestralor derivedstate of
mutations(e.g., hooutgroup
referencegenomeavailablg,
you can assumdéhat the allele
with the lower frequencyis

0 K erivedt @

4000
|

Unfolded SFS
(derivedallele frequency)
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Folded SFS (minor allele frequency spectrum)

If you cannotdetermine the
ancestralor derivedstate of
mutations(e.g., hooutgroup
referencegenomeavailablg,
you can assumdéhat the allele
with the lower frequencyis

0 K erivedt @

4000
|

Unfolded SFS
(derivedallele frequency)

3000
|

number of sites
2000

1000

01 2 3 4 5 6 7 8 9 10

0

derived allele frequency



number of sites

1000 2000 3000 4000

0

Folded SFS (minor allele frequency spectrum)

Unfolded SFS
(derivedallelefrequency) S _
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‘ § |
Il‘ L '
100 ) o J

0

2 3 4 & 68 7 8 9 10
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Minor allele frequency (MAF) SFS
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(minor allele frequency)
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Coalescent and the SFS

past

Internalbranches

Externabranches

) ]

present

CountSNPs

frequencyderivedalleles



Coalescent and the SFS
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Coalescent and the SFS

past

A Arecentpopulationgrowth
followinga bottleneckleads to
genetreeswith longexternal
branches

A Veryfew mutations in thanternal
branches

A Most mutations in longexternal present
branches arenly foundin one
lineage resultingin anexcessof
singletons

CountSNPs
R N W DA Ol ON

1]
1 2 3 4 5 6

frequencyderivedalleles




Coalescent gene trees at multiple independent
sites and the SFS

> 4 2 2
* * N
—3 U 3 5 5
5 Lr; 1 2
—2 5 * 4 Je |_3
| I | 11 | | | I IT I | | I? | | I I'I
30 20 10 O 800 600 400 200 0O 3000 2000 1000 O 600 400 200 O
generations ago generations ago generations ago generations ago
A TheSFSssummedacrosdoci =
A Independentiocican havedifferent genetrees, and .
different mutations andallelefrequencies % .
A But,assumingieutrality, all sites in thggenomereflect E
the populationtree and thedemographicdistory =
A Whatcanwe sayabout thedemographieventsthat lead .
to this SF3 = - —
i Bottleneck expansion, constant size population? e 3 43

T Time ofevent? derived alele frequency



SFS depends on past demography

Relative frequency of SNP counts

0.7 -

m Stationarity m Expansion m Bottleneck

0.6

0.5 1
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0.2

0.1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Derived allele frequency



Natural selection also affects the SFS

25

20

Key: W Neutral
B BGS
@ Fitted growth

1 2 3 4 5 6 7 8 9 10 11 12 13

Allele frequency

15

Frequency of occurrence
10

14-49

TRENDS in Geneics

Background selection (BGS) leads to patterns similar to
population expansion.

Bank et al (2014) Trends in Genetic



Population structure

Migration events can be incorporated
Into gene trees.

Migration from Pop 2 to Pop 1, leads
to lineages moving from Pop 1 to pop
2 backward in time.

At each generation, the probability of
immigration into population 1 from
population 2 is given by:

Pr(migrate) =n,* m
Wheren, is the number of lineages in

population 1, andnis the
immigration rate.

MRCA

Time Type of
scale event

Past
A

== Coalescence

U = Migration

= Coalescence

= Coalescence

= Migration
- Coalescence

L Coalescence
- Migration

-]
- |

Deme 2 Present



Site frequency spectrum
(SFS) for multiple

populations

A Single population:
1D SFS

A Multiple populations:
2 D,

3 D,,D 8FS

Very few sites with a
frequency of 1 in
Pop1l and a frequency
of 9 in Pop2

Moderate number of
sites with a frequency
of 3in Popl and a
frequency of 3 in Pop2

10

(@)

Population 2

N

0

0 2 4 6 8 10
Many sites with a frequency r(/ Population 1
derived allele of 1 in Popl a
a frequency of 0 in Pop2 log10(proportion of sites)
(private singletons mutations
only found in Pop1) 17 10 8 6 4 )



Model based inference

AWhatis the modelthat bestfits the data?
AWhatare themostlikely parametersof eachmodel?

a lsolation b Isolation with migration c lIsolation after migration d Secondary contact
A e e
. -i N, N, ¢ . JEUREN . BN
N N, N N,
o Y T N N
E —_’ _’ 2
(I , 1 x
N N, N, N

Sousa and Hey (2013) NBev Gen



Genomic

A model is represented by a population tree that

Demography

processes Selection

reflects the past evolutionary history

Parameters:

A Population split times

A Migration rates

A Effective population sizes

A Temporal changes in
migration rates and
effective sizes

A Selective coefficients, type
of selection (positive or
negative)

A Mutation rate
A Recombination rate

Time

Population tree




Site frequency spectrum (SFS)

a lIsolation b Isolation with migration
A =
4
N, N, N, ::EE N,
The SFS contains information £ 3
about the demographic history of : e

populations

o
—
o

[=1] co

Population 2

Population 2
'

™~

Population 1 Population 1
log(prob)
m:—
-12 -10 -8 -6 —4 -2

Sousa and Hey (2013) Nat. Rev. Genet.



Inferring the demographic Genomic Data
history from the SFS

Parameters:

- Time of split

- Migration rates
- Effective sizes

|
|
|
|
|
|
|
|
|
|
|
|
Model I
|
|
|
|
|
|
|
|
|
|
|



Inferring the demographic Genomic Data
history from the SFS 1

Observed SFS

A Thelikelihoodis easilycomputed o

basedon theexpectedSFSinder
agivenmodel

Population 2

A There ardifferent waysto gm DLW
obtainthe expectedSFS

MOdEI Population 1
A Diffusion forward in time)
A Coalescentdackwardin time)

Likelihood

Expected SFS

=
o

|

Population 2
(=] %] - (=3} co

Parameters:

- Time of split

- Migration rates
- Effective sizes

Excoffier et al. (2013 loSGenetics



Estimating the expected SFS under a given model
using coalescent

The probability of a SFS entry i can be estimated under a specific model d from its
expected coalescent tree as (Nielsen 2000) E(t |g)
P ==
E(T|q)
Where t; is the total length of all branches directly leading to i terminal nodes,

and T is the total tree length.

It gives the relative probability that if a mutation occurs on one of these b,

branches, it will be observed i times in the sample

This is true under the infinite sites model. No

more than 1 mutation per site, back mutations
not allowed!




Composite likelihood

/ 3 ingredientes foﬁkelihoﬂ

Even though we can have linked sites, we
assume that all sites are independent.
Given Spolymorphic sites (SNPs) outlof
sites (Adams and Hudson, 2004) the
composite likelihood is:

CL=Pr(X|g) "R"°@ RO k"

probability of no probability of at least
mutation on the tree one mutation in the tree

SNP counts

Theseprobabilitiesdepend
- Numberof monomorphicsites
- Afixedand mutation rate

0 1000 2000 3000 4000

frequency

Observed SFS
m, counts

o] 1 2 3 4 5 6 7 8 9 10 11 12

eeeeeeeeeeeeeeeeeeeeeee

Expected SFS
B p; probabilities

02 03 04

8] 2 4 =} a8 10 12

00 01

frequency of derived allele

Compositelikehood

Excoffier et al. (2013FloSGenetics



Everything Is relative

T, = total
branchlength

_Fregquency | 0 | 1 | 2 | 3 | 4 | 5 | 6 | 7

SNPPprobability 0 Sunib,)/ Sumb,)/ Sunmiby)/ Sumnib,)/ Sumbs)/  Sunibg)/ 0
Pi T T T T T T

A ThesameexpectedSFS cahe obtainedin alargeor smalltree

A We needa mutation rate andthe numberof monomorphicsites todistinguish
amongthe two!



Methods based on the SFS

Different ways to obtain the expected S-8nder
different demographic models

ACoalescenbased
AMultiple populations
Fastsimcoal2Excoffieret al 2013PLoS5enetics)

Momi (Kammet al 2015) andMomi 2
Rarecoa(Schiffelset al 2016 Nat Genetics)

A Single population
Stairway plot (Liu and Fu, 2015 Nat Genetics)

ADiffusionbased
Dadi(Gutenkunstet al 2009PLo35enetics)

Multipop (Lukicand Hey 2012 Genetics)
Jouganougt al (2017) Genetics



Inferring demographic history with
fastsimcoal2 based on the SFS

AFastsimcoal2 can estimate parameters from the
SFS using coalescent simulations

AMaximum(composite likelihoodmethod

AUses a conditional expectation (CEM)
maximization algorithm to find parameter
combinations that maximize the likelihood

Alt approximate the expected SH performing
coalescent simulations (>100,000)



Estimating the SFS and likelihoods with
coalescent simulations

The expected SFS probability p; under a given model can then be estimated

on the basis of Z coalescent simulations as

BB, ®
B Y

nHu

where by is the length of the k-th compatible branch in simulation j.

These probabilities can then be used to compute the composite likelihood (CL)

of a given model as (Adams and Hudson, 2004)
Rl _
CL=Pr(Xlg) "R RO B"
=1

where X is the SFS in a population sample of size n, Sis the number of
polymorphic sites, L is the length of the studied sequence, P, is the probability of

no mutation on the tree (e!T), and m; is the observed counts at SFS entry .



Approximating the expected SFS
with coalescent simulations

B T=0.1 - Expected vs. Fastsimcoal SFS

© = © nsim 1000
A nsim 10000
+ nsim 1e+05
- X nsim 1e+06

Increasinghe numberof
simulationsmprovesthe
approximation of the
expectedSFS

Log10(fastsimcoal SFS approximation)

Log10(expected SFS)

Excoffieret al. (2013PloSGenetics Chen (2012) TPB



Properties of composite likelihoods

This composite likelihood (CL) is not a proper S

likelihood due to the non-independence of allele — Composite likelihood

frequencies at linked sites. —aOZ2 NNBEOue

A CL is maximized for the same parameters as |
full likelihood

A Can be used for parameter estimation

A Confidence intervals cannot be estimated from
likelihood profile, need to bootstrap

A CL surface might be more complex than
likelihood surface, and thus more difficult to
explore and get the global maximum _

A CL ignores information on linkage
disequilibrium (recombination) between sites

0

-2000
|

log10i{Likelihood)
-5000
|
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|

0 4000 8000

Effective size (Ne)
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Protocol for parameter estimation

. Get the observed SES

A derived SFS (DAF or unfolded SFS), when the ancestral state is known;

A minor allele frequency SFS (MAF or folded SFS) when the ancestral
state is unknown

Define thedemographic model

Estimate the parameterg repeat 56100 runs, and selecting
the run with maximum likelihood

. Bootstrapto obtain confidence intervals for each parameter
¢ bootstrap 10100 datasets, by repeating a few runs for
each dataset

A For datasets with linked sites use bldasotstrap, diving the genome
Into blocks



Potential problems

AMaximization of the CL is not trivial (precision of the
approximation and convergence problems)

ANeed to repeat estimations to find maximum CL

ANeeds genomic data (several Mb), difficult to have gene
specific estimates

ANextgeneration sequencing data must have high coverage
(>10x) to correctly estimate SFS



Limitations of estimating demographic
parameters from SFS

Can one learn history from the allelic spectrum?

Simon Myers?, Charles Fefferman®, Nick Patterson®*

A Broad Institute of MIT and Harvard, 7 Cambridge Center, Cambridge MA 02142, United States
b Deptartment of Mathematics, Fine Hall, Washington Road, Princeton, NJ 08544, United States

Received 17 March 2007
Available online 30 January 2008

A demographic history with the same spectrum as a constant size population

Population size/2N
w

0 20 40 60 80 100 120 140 160
Time (2N generations)

Theoretical Population Biology

Volume 120, March 2018, Pages 42-51

ELSEVIER

On the decidability of population size
histories from finite allele frequency
spectra

Soheil Baharian, Simon Gravel & &

Geometry of the Sample Frequency Spectrum and
the Perils of Demographic Inference

Zvi Rosen, & Anand Bhaskar, Sebastien Roch and Yun S. Song

GENETICS October 1, 2018 vol. 210 no. 2 665-682;
https://doi.org/10.1534/genetics.118.300733

Fundamental limits on the accuracy of
demographic inference based on the sample
frequency spectrum

Jonathan Terhorst and Yun S. Song

PNAS June 23, 2015 112 (25) 7677-7682; first published June &, 2015 https://doi.org/10.1073/pnas. 1503717112



Approximate Bayesian Computation

AReplace thdikelihoodfunction by simulations to
obtainan approximation of the@osterior
probablilitywhena likelihoodfunctionis not
available

AReplace data byummarystatistics

ADisadvantadgeUsedessinformationthan full-
likelihoodmethods

AAdvantages Applicable tacomplexmodels easyto
performvalidations andassesshe quality of the
estimates




Approximate Bayesian Computation
Rejection sampling

.

Model Prior Simulate data He
Summary Statistics

Past

density

ANym= ?

Parameter q

g=4N.m o

Present Obs He=0.6

Sampleq” from the prior

Simulate data with parametey’

Compute the summary statistics of simulated d&tg,
Compute a distance betweah=d(S;,, S)v9

Accept the parameter valuesdf<d

To To o Do I

Beaumont et al. (2002) Genetics, Marjoram et al. (2003) PNAS



Past

Present

To To o Do I

Approximate Bayesian Computation

Rejection sampling
- (@x
ANm= ? g e
g
q=4N.m S
Obs He=0.6 a _
Model Prior Simulate data Obs He
He
Summary Statistics
Samplaq” from the prior l
Simulate data with parametey’ _
Compute the summary statistics of simulated d&tg, g
Compute a distance betweah=d(S;, S50 ©
Accept the parameter valuesdf<d q=4N.m
Posterior
P(qld(sobs,ssim)<d)

Beaumont et al. (2002) Genetics, Marjoram et al. (2003) PNAS



Model choice
using ABC

Examplewith 10loci of

microsatellites

Souseet al. (2011)Heredity

1

a Pop split without sdmixture

Three pops
pant
|1=:4L//Nﬁ'\

No N N

Ny Ny N

presank

(a) No Admixture - Structure

h Single admbrura avent
Thres pops
pas]
tapan A

taem: N‘E',_ NH _PE"_NE

L

L]
prosen N1 rt']H NE

1

(b) Admixture - Structure

Posteriorprobability for the admixture model

posterior admixture model

00 02 04 06 08 10

0.002 0.006 0.010

tolerance

(¢) No Admixture - ABC

posterior admixture model

8= = O o

o’

00 02 04 06 08 10

I l I l I l
0.002 0.008 0.010

folerance
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Example: ABC for Poolseq data

Jodo Carvalho Roger Butlin

_ (EG cE3c) (Sheffield Univ., UK
ABGQGs usefulto modelcomplexdatasets e.g., \ ¥ LU

poolSeadataby explicitlymodellingdifferential T

individualcontributioninto the pool.

Evolutionary history of parallel ecotype divergenceé.ittorinasnails

G Gt

>

Time

Single origin Parallel origin



Risks and remedies in ABC

Table 2. Potential risks and remedies in ABC-based statistical inference.

Error Source

Potential Issue

Solution

Subsection

Nonzero tolerance &

Nonsufficient summary statistics

Small number of models/mis-
specified models

Priors and parameter ranges

Curse-of-dimensionality

Model ranking with summary statistics

Implementation

The inexactness introduces a bias in
the computed posterior distribution.

The information loss causes inflated
credible intervals.

The investigated models are not
representative/lack predictive power.

Conclusions may be sensitive to the
choice of priors. Model choice may
be meaningless.

Low parameter acceptance rates.
Model errors cannot be distinguished
from an insufficient exploration of the
parameter space. Risk of overfitting.

The computation of Bayes factors on
summary statistics may not be related
to the Bayes factors on the original
data, which may therefore render the
results meaningless.

Low protection to common
assumptions in the simulation
and the inference process.

Theoretical/practical studies of the
sensitivity of the posterior distribution to
the tolerance. Noisy ABC.

Automatic selection/semi-automatic
identification of sufficient statistics.
Model validation checks (e.q.,
Templeton 2009 [19]).

Careful selection of models. Evaluation
of the predictive power.

Check sensitivity of Bayes factors to the
choice of priors. Some theoretical results
regarding choice of priors are available.
Use alternative methods for model
validation.

Methods for model reduction if
applicable. Methods to speed up the
parameter exploration. Quality
controls to detect overfitting.

Only use summary statistics that fulfill the
necessary and sufficient conditions to
produce a consistent Bayesian model
choice. Use alternative methods for
model validation.

Sanity checks of results. Standardization
of software.

Approximation of the posterior

Choice and sufficiency of summary
statistics

Small number of models

Prior distribution and parameter ranges

Curse-of-dimensionality

Bayes factor with ABC and summary
statistics

Indispensable quality controls

doi:10.1371/journal.pchi.1002803.t002

Sunnakeet al. (2013PLoSComp. Biol.



ABC programs

Table 3. Software incorporating ABC.

Software

Keywords and Features

DIY-ABC

ABC R package

ABC-SysBio

ABCtoolbox

msBayes

PopABC
ONeSAMP

ABCA4F
2BAD

Software for fit of genetic data to complex situations. Comparison of competing models. Parameter estimation.
Computation of bias and precision measures for a given model and known parameters values.

Several ABC algorithms for performing parameter estimation and model selection. Nonlinear heteroscedastic regression
methods for ABC. Cross-validation tool.

Python package. Parameter inference and model selection for dynamical systems. Combines ABC rejection sampler, ABC
SMC for parameter inference, and ABC SMC for model selection. Compatible with models written in Systems Biology
Markup Language (SBML). Deterministic and stochastic models.

Open source programs for various ABC algorithms including rejection sampling, MCMC without likelihood, a particle-based
sampler, and ABC-GLM. Compatibility with most simulation and summary statistics computation programs.

Open source software package consisting of several C and R programs that are run with a Perl “front-end.” Hierarchical
coalescent models. Population genetic data from multiple co-distributed species.

Software package for inference of the pattern of demographic divergence. Coalescent simulation. Bayesian model choice.

Web-based program to estimate the effective population size from a sample of microsatellite genotypes. Estimates of
effective population size, together with 95% credible limits.

Software for estimation of F-statistics for dominant data.

Two-event Bayesian ADmixture. Software allowing up to two independent admixture events with up to three parental
populations. Estimation of several parameters (admixture, effective sizes, etc.). Comparison of pairs of admixture models.

doi:10.1371/iournal.ncbi.1002803.t003

ABC_GWH http://www.abcgwh.sitew.ch/#Background.A

Sunnakeet al. (2013PLoSComp. Biol.



Demography and linked selection

Research article

Background selection as null hypothesis in
population genomics: insights and
challenges from Drosophila studies

Josep M. Comeron NEWSLETTER ABOUT [
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Research Article
Genetics and Genomics

Background selection and biased gene
conversion affect more than 95% of the human
genome and bias demographic inferences

Fanny Pouyet ™, Simon Aeschbacher, Alexandre Thiéry, Laurent Excoffier ®
The Imp a-Ct Of Purlfylng and BaCkgro und University of Bern, Switzerland; Swiss Institute of Bioinformatics, Switzerland; University of Zurich, Switzerland
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Demographic inference based on Site

frequency spectrum (SFS) 1 Part |l
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Outline part Il

Example of Applications:

AHuman dispersal out of Africa (high quality whgknome)
lessons on model comparison with linked SNPs

AHuman colonization of Siberia and America (ancient whole
genome data} lessons on dealing with sequencing errors

ADeer mice colonization of Nebraska Sand Hills (targeted re
capture data) lessons on effects of filtering

ADivergence times and gene flow in sawfliddRADBseq data);
lessons from model comparison widllRAD

AHybridization in freshwater fish (GBS datissons from
Inferring relative parameters
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A genomic history of Aboriginal Australia

Anna-Sapfo Malaspinas®23*, Michael C. Westaway**, Craig Muller'*, Vitor C. Sousa®3*, Oscar Lao™>®*, Isabel Alves”37*,
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Australia harbors some of the oldest modern human
remains outside Africa

Many sites andemains

60500 p[‘ BN *|" datedto be olderthan 40
palla J \'\\ kya,suggestingga human
' ég - settlement47.555 kya
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One wave out of Africa vs Two waves out of Africa




83 high-coverage Aboriginal Australians genomes

Genotype concordance
0.970 0.975 0.980 0985 0.990 0.995 1.000
|

1 10 20 30 40 50 60 70 80
Minor allele count in the array data

Average depth of coverage: 65x
Very good quality of genotype calls



Effect of depth of coverage on SFS

chr. 22 Simulations
Q
g N —— Denisovan Pop1 (DP Den)
Yoruba Pop2 (DP Yrb)
—— A. Australian & Pop 1 (DP Den/8)
- = Negative Binomial Fit T H Pop 2 (DP Yrb/8)
8 | o
o
o
oy B = =
.g’ g B .é o
o O o)
© ©
w0
N o
o 4 o
o
o o
S S
= b T 1 | | T
0 20 40 60 80
Depth of coverage (DP) Depth of coverage (DP)

ACompared2D SF8asedon depth of coverageof observeddata
(meanlargerthan >20x),with a distribution 8 timesmaller



A note on recovering the SFS from

genomic data

A Simulation study

A Low depth of coverage and
missing data lead to biased
SFS towards rare variants

a) Low depth of coverage, no GQ filter, allowing missing data

Sample SFS

b) Depth of coverage similar to observed data, GQ>30 filter, no missing dat

Sample SFS
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83 high-coverage Aboriginal Australians genomes

"East Asia"
"Australia"
"Polynesia"

{"Melanesia"

Average depth of coverage: 65x

2 'New Guinea

&'Europe"
& '"India"ée

+:3%
"‘

Western Central Desert (WCD)



% Archaic human genomes:
Europe -1 Neanderthal (~6?< kya)
2 Sardinians N EastAsia - 1 Denisovan (~52 kya)
4 2 Han Chinese
/
/ Mutation rate assumed
_ 1.25 x 16 /site/gen
West Africa Scallyand Durbin(2012)Nat. Rev Genet.
2 Yoruba / Generation time
.. : 29yeardgen
Ab0r|g|nal Australians Fenner(2005)Am. J. Phyénthropol
7 Western Central Desert (WCD)

Since we want to infer demography we tried to minimize the number of

sites affected by selection:

A 985 1Mb blocks outside genic regions and CpG islands (~4.3
Million SNPSs)

A 5 dimensional SFS (16,875 entries)

A Confidence intervals obtained using block-bootstrap



Towards a model to test the hypotheses:
One vs Two waves Out of Africa

AData (SFS)

¥

A (Re)Define model
(hypotheses to test)

\ 4

ARun fastsimcoal?2

\ 4

A Estimates!
A Assess the fit to the data

Doyou havean outgroup?

- Yesc usethe derived(unfolded) SFS
No ¢ usethe minor allelefrequency
spectrum(folded)

Doyou havemonomorphicsites?

- Yes-then, givena mutation rate you

caninfer the absolutetimesand
effectivesizes

No ¢ then all your estimatesneedto
be relativeto afixed parameter(fixed
Neor fixedtime)




We al ways get resul tseé

Divergence
times (kya)
222 . W Africa -
Ghost
Evidence of two waves
. . 81—+ Australians
Out of Africa:
A Old split leading to colonization 7~ FEurasians
of Australia (81kya)
A More recent split leading to
colonization of Eurasia (&#a) S
W Africa Europe East Asia Australia y Present
(Yoruba) Ghost (Sardinians) (Han Chinese) (WCD)
Legend:

Migration, 2Nm>1 ]  Ancestral bottleneck

[ Continent-specific bottlenecks

Migration, 2Nm<1




Towards a model incorporating Neanderthal and
Denisovan admixture

” Neanderthal Erectus?

Alves et al. (2012) Plos Genetics;

A Non-African populations: 4% estimated Neanderthal admixture
A Aboriginal Australians and New Guinean$98 estimated Denisovan admixture
A Archaic admixture can affect times of split estimates



Evidence of archaic introgression
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A Putative Neanderthal haplotypes (PNH)



Accounting for shared ancestry of
Neanderthal and Denisovan

times (kya)

— 490 split Denisovaileanderthal
- 390 split Denisovan related

- 110 split Neanderthal related

Altai Altai

>

D.R N.R SAR HAN WCD
Denisovans Neanderthals Modern Humans

Admixture occurs between modern humans and.:
A Denisovarrelated (D.R.) population
A Neanderthalrelated (N.R.) population




Two-waves out of Africa

Divergence
Times

8 Two Out of Africa
bottlenecks

___________ Out of Africa
I Australians

Out of Africa
Eurasians

A Two different divergence times
(Dt >> 0)

A Two independent bottlenecks
aSSOCIated Wlth the tWO OUt Of West Africans Lézztaz?lls: Europeans Aif:;:s Australians y Present
Africa events




Two-waves out of Africa

I ————————————————— I
Divergence
I Times I
11 I
I |
| » Two Out of Africa
bottlenecks . |
I ] _ Out of AfncaI
Australians
| |
P gy Out of Africa |
I Eurasians
|
I |
L.

_____ _—_—_J

A Two different divergence times
(Dt >> 0)
A Two independent bottlenecks

aSSOCIated Wlth the tWO Out Of West Africans :22?25:5: Europeans AE?:I:S Australians y Present
Africa events




Two-waves out of Africa

time

) _ - _ West  ghost
A Two different divergence times Africans

(Dt>>0)

A Two independent bottlenecks
associated with the two Out of
Africa events

=) Neanderthal admixture
=== Denisovanadmixture

Eurasians Australians



One wave out of Africa

T — -

. Neanderthal admixture
@ Denisovan admixture

time

West ghost
Africans

A Similar divergence times (Dt close
to zero)

A One single bottlenecks associated
with the Out of Africa events

A A major admixture pulse with
Neanderthal

w=) Neanderthal admixture
= Denisovan admixture

Eurasians Australians



A single wave Out of Africa Is consistent with our
estimates when accounting for archaic admixture

Admixture Split/bottleneck
times (kya)

times (kya)
Point Estimate
A Similardivergence [95%Clinterval] 1
time (Ot close to
zero) 1
T 58 Australians
B1-721 N\ | /' split
- 57 urasians split
[48-68]
|
v Present v Present
W Africa Ghost Europe East Asia Australia
(Yoruba) (Sardinians) (Han Chinese) (WCD)
d Nea-nderthal admixture Migration, 2Nm=>1 . Ancestral bottleneck
=) Denisovan or related Migration, 2Nm<1 Continent-specific

archaic admixture bottlenecks




A single wave Out of Africa Is consistent with our
estimates when accounting for archaic admixture

Admixture Split/bottleneck

times (kya) times (kya)
Point Estimate

A Similardivergence [95%Clinterval] 1
time (Dt close to 2 | ouof Afica
zero) [60-104] bottleneck
: T 58 Australians
ABottleneckassociated s | st
with the Out ofAfrica .
- 57 urasians split
event [48-68]
||
v Present v Present
W Africa Ghost Europe East Asia Australia
(Yoruba) (Sardinians) (Han Chinese) (WCD)
d Neanderthal admixture Migration, 2Nm=>1 . Ancestral bottleneck

== Denisovan or related S Continent-specific
archaic admixture Migration, 2Nm-<1 l:,otth:,-necksp




A single wave Out of Africa Is consistent with our
estimates when accounting for archaic admixture

Admixture Split/bottleneck

times (kya) times (kya)
Point Estimate

A Similardivergence Admixture [95%Cl interval] 1
i proportions
time (Dt close to ok 72 | outof afica
zero) [60-104] bottleneck
60 mla 23 58 .
ABottleneckassociated % | 134 stz | e
with the Out ofAfrica 51 " .
.- : 57 urasians split
event [40-59] [0.2-2.7] [48-68]
A A majoradmixture o
pulsewith
Neanderthaln T
ancestorof all non
Africans
Y Present v Present
W Africa Ghost Europe East Asia Australia
(Yoruba) (Sardinians) (Han Chinese) (WCD)
I Nea_nderthal admixture Migration, 2Nm>1 @ Ancestral bottleneck
= Denisovan or related Migration, 2Nm<1 C Continent-specific

archaic admixture bottlenecks




A single wave Out of Africa Is consistent with our
estimates when accounting for archaic admixture

A Similardivergence
time (Dt close to
zero)

A Bottleneckassociated
with the Out ofAfrica
event

A A majoradmixture
pulsewith
Neanderthaln
ancestorof all non
Africans

Admixture

times (kya)
Admixture
proportions

(%)

60 2.3
[65-84] [1.1-3.5]
51 11
[40-59] [0.2-2.7]
4 ma 4.0
[31-50] [3.3-5.0]

Y Present

W Africa
(Yoruba)

Ghost

Point Estimate
[95%CI interval]

Split/bottleneck

times (kya)
72 | Out of Africa
[60-104] bottleneck

58 Australians
51721\ [/ split

57 urasians split
[48-68]

42 | Europe -
[29-55] East Asia split

Present
Y

Europe East Asia Australia
(Sardinians) (Han Chinese) (WCD)

==med Neanderthal admixture
=) Denisovan or related

archaic admixture

Migration, 2Nm>1
Migration, 2Nm<1

B Ancestral bottleneck
Continent-specific
bottlenecks




Model captures aspects about the observed data

log10(SNP counts)
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NumberSNP

What entries are not well fitted?

. . . B exp
6e+05 — Fit of the worst 30 entriesout of 16,875entries O obs
4e+05
2e+05 — I:| I:|
De+00 — I:I.:l-:lm_l]n—.:ll].:l -:.:ll:l ﬂn___ -=__-=-:I—I]d:|_-__
333588 ENIasiiEIIIiiie

WCD 3555538555855 ::583827388s3s33333333
Han o =] o — o NN NN
Sar

m’a Themodeldoesnot fit verywell the rare variants(singletons

Den doubletong privateto a singlepopulation

Paganket al (2016)suggests two waves: Papuan genomes with signature of
admixture with humans from first wave (at least 2% of their genome).



Model captures the higher derived
allele sharing between Eurasians and Yoruba

—

Australia Europe Yoruba Chimp
or
East Asian

D-statistics suggest that Yoruba and Eurasians
share more derived alleles than Yoruba and

Australians

D-stats

0.04

0.08

0.06

0.02

0.00

D-statistics
(Australian, X; Yoruba, Chimp)

Europe East Asian
X population



Summary
Aboriginal Australians genomes support a single major
wave out of Africa

A Accountingfor archaicadmixturewith @ Neanderthal admixture

Neanderthaland Denisovarwascrucial _ _

to understandpopulation divergence (O Denisovan admixture N
A Genomiadata consistentvith a single ) ¢ ®

major dispersaéventout of Africa _

(60-104 kya) ( single

Out of Africa

A Twomajor dispersaivavesinto Asia:

AboriginalAustraliandiverged

51-72 kyafrom Eurasians
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Colonization of Siberia

Yana RHS (31,600 years ago)
/ Whole-genome depth of coverage 25x
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Hypothesis: Continuity vs
Replacement of populations

Data: Ancient and present-

day samples; 625 blocks of

1Mb (~1.5 Million SNP), far

from genic regions and CpG
islands

Method: Composite
likelihood - fastsimcoal?2

(Excoﬁier et al, 2013 Plos GenetiCS) Europe Ancient Ancient Neo- East
(Sardinia) North Paelo- siberian Asia
Siberians siberian (Even) (Han)

(Yana) (Kolyma)




Hypothesis: Continuity vs
Replacement of populations
|

past

For instance: ]
b = 1 indicates continuity: g l ﬁ
Kolyma descends from Yana 5 . -
a
b = 0 indicates replacement ’L' Lanl
of Yana by Kolyma & Yy o
\ Europe Ancient Ancient Neo- East
present (sardinia) North Paelo- siberian Asia
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Site frequency spectrum is affected by damage
patterns in ancient DNA

Proportion of singletons in Kolyma

0.10 - Isreducedto 1/3 of original!
AHigh proportion of o B AT
singletons in Kolyma Z 008
probably reflect errors 5
@ 006
AThus, all analyses were 2 -
performed discarding 2 oo Ml |IM
the singletons 2
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Kolyma #SNPs original dataset: 1,518,818

Han #SNPs after discarding transitionsA;G>T: 938,911



Han

Han

Data: Marginal 2D-SFS
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Model comparison and likelihood profiles consistent with
replacement with gene flow
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Log10(likelihood)

Model comparison and likelihood profiles consistent with

replacement with gene flow
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Estimates of best nested model indicate
replacement with gene flow

Date kya) | |
Split Yana 38.7
(32.245.8) l 29.2%
Contrlbutllon | o538
Yana>Kolyma| (14 52g.9) 16.6%
| (7.5-22.2)
QL 3.9%
Contribution 13.3 (0.1-12.6)
Kolyma>Even (10.418.3) ®
v
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Fit of expected SFS to observed data

Expected SFS according to the parameters that maximize the likelihood



