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Admixture is ubiquitous in evolutionary history,

through time and space
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e.g. Homo sapiens
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Inferring admixture history from genetic data
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Inferring admixture history from genetic data

Chromosome painting
Raw painting (chunks):
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Maximum likelihood approaches relying on:
3 Admixture Linkage-Disequilibrium distributions - e.g. TRACTS (Gravel 2012), GLOBETROTTER (Hellenthal et al. 2014)
3 Moments of allelic frequency spectrum divergences - e.g. M/ALDER (Loh et al. 2013), TreeMix (Pritchard et al. 2012)



Inferring admixture history from genetic data

Chromosome painting
Raw painting (chans):
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Limited by:

3 A Si _mpadmixture models: one or two admixture pulses per source population

3 No formal model-choice

3 Massive genomic data and accurate phasing for admixture-LD methods 5




Inferring admixture history from genetic data

ML-inference methods cannot operate Source 1 Source 2 Source 3
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Approximate Bayesian Computation (Tavaré et al. 1997) may represent an alternative
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Approximate Bayesian

o tonpt

o trat

e trr1

Parameter prior distributions

Na  Uniform [10 .. 1 000]

Nnp  Uniform [10 .. 100 000]
N Uniform [10 .. 10 000]

a1 Normal [0, 1]
'r1 LogUniform [0, 1]

tonp1  Uniform [1 .. 5 000]
tray  Uniform [1 .. 250]

Tavaré et al., Plos Gen 1997
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002

Computation demographic inference



Approximate Bayesian Computation demographic inference

NA an N1 tpnp1 traq
959 | 12,354 | 7,053 230 | 5

X
Pop1 Pop2 Pop4 Pop5

AGTCATTACC. AGTCATTACC
GATCATTACG. GATCATTACG.
GGATCACCAT. GGATCACCAT.
CCATAGGATC CCATAGGATC.
AGCATTCAAT. T AGCATTCAAT.
GCATTATCCA. GCATTATCCA.

AGCATTCAAT.

AGCATTCAAT.

NA an N1 tpnp1 traq
168 | 84,420 | 1,697 1,520\ 187

X
Pop1 Pop2 Pop4 Pop5

SIMULATIONS
\/

AATCAGTACC. CGTGATTACG.
Parameter prior distributions Someacn
e r
Na  Uniform [10 .. 1 000] AACATCCTAC
Nnp Uniform [10 .. 100 000]
N4 Uniform [10 .. 10 000]
rai  Normal [0, 1] NA | Nnp | N1 [ | tonpt|tras |

'r1  LogUniform [0, 1] 57 | 3,005 |4,132 847 | 64

3 Pop1 Pop2 Pop4 Pop5
tpnp1  Uniform [1 .. 5 000]
TACCAGTACC TGTGATTACG., TGTCATC
= ACTCGCTACG GCTCATTATT.
tl’a1 Uniform [1 - 250] CGACCAC’:AT mn(?,\ccu
ACATAGAATC ACATAGGATA
ACCAGGCAAT. CGCGGTCAAT.
GCACTTTCCA. ACATTATCCA.
ATCATCCTAC
AGCATTCAAT.

Tavaré et al., Plos Gen 1997
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002



Approximate Bayesian Computation demographic inference

NA an N‘I tpnp1 traq NA an N‘l tpnp1 tras
959 | 12,354 | 7,053 230 5 959 | 12,354 | 7,053 230 5
% X
Fopl Fopa rapk. o Hetl [Het2 Het4 |Het5
ShTcATAGS ScATACG.  GNCATACS. = > |0.721 |0.844 0.687 |0.783
=3 =% Fart 2| Fer1=3 | Fart 4| Fort5 FarZ-

AGCATTCAAT.
AGCATTCAAT.

0.098 |0.053 |0.067 [0.121 |0.009

NA an N1 tpnp1 traq

NA an N1 - tpnp1 | trat
168 | 84,420 | 1,697 1,520| 187

168 | 84,420 | 1,697 | |1,520| 187 |

X X
Sl s Hetl [Het2 Hetd [Het5
AATCAGTACC CGTGATTACG. C
Parameter prior distributions Sorencen - ¢ > |84 |06 Ge01 RO

Fsr1-2|Fsr1-3 | Fsr1-4 | Fs11-5 | Fsr2-

SIMULATIONS
\/

SUMMARY STATISTICS CALCULATION

o S e
Na Uniform [10 .. 1 000] prorlde 0.108 |0.154 |0.098 |0.023 |0.084
Npp Uniform [10 .. 100 000]
N4  Uniform [10 .. 10 000]
rai  Normal [0, 1] Na | Nnp | N1 [ | tonpt] tras NA [ Nnp | Nt || tonpt | tras
'ri  LogUniform [0, 1] 57 | 3,005 4,132 847 | 64 57 | 3,005 (4,132 847 | 64
X X
Pop1 Pop2 Pop4 Pop5
tonp1  Uniform [1 .. 5 000] a P e P ?:;: Het2 ?:;: ?9;5
PT\ASCAG?AACC TG;GQT‘{??G _ . 0697 X .7 4
tray  Uniform[1 .. 250] i Al >
o A Fs11-2|Fsr1-3| Fsr1-4 | Fs11-5 | Fsr2-
e AchTCCTHG 0.135 |0.147 |0.198 |0.127 |0.163

Tavaré et al., Plos Gen 1997
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002



Approximate Bayesian Computation demographic inference

Parameter prior distributions

Na  Uniform[10 .. 1 000]

Nnp  Uniform [10 .. 100 000]
N4  Uniform [10 .. 10 000]

a1 Normal [0, 1]
I'ri LogUniform [0 , 1]

tpnp1  Uniform [1 .. 5 000]
tras  Uniform [1 .. 250]

Tavaré et al., Plos Gen 1997
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002

SIMULATIONS

Na an N1 . tonp1 | trat
959 | 12,354 | 7,053 230 | 5
Pop1 Pop2 Pop4 Pop5
AGTCATTACC AGTCATTACC TACC
GATCATTACG. GATCATTACG.
GGATCACCAT. GGATCACCAT.
CCATAGGATC. CCATAGGATC.
AGCATTCAAT. AGCATTCAAT.
GCATTATCCA. GCATTATCCA.
AGCATTCAAT.
AGCATTCAAT.
NA an N1 t|:np1 tra
168 | 84,420 | 1,697 1,520 187
Pop1 Pop2 Pop4 Pop5
AATCAGTACC CGTGATTACG G
ACTCGCTACG. GCTCATTATG.
GGGCCACTAT, GGATCACCAT.
ACATAGAATC. ACATAGGATA.
ACCATGCAAT. AGCGGTCAAT.
GCATTTTCCA. GCATTATCCA.
AACATCCTAC.
AGCATTCAAT.
NA an N‘l tpnp1 tra
57 | 3,005 |4,132 847 | 64
Pop1 Pop2 Pop4 Pop5

TACCAGTACC.
ACTCGCTACG.
CGACCACTAT.
ACATAGAATC.

ACCAGGCAAT.
GCACTTTCCA

TGTGATTACG.
GCTCATTATT.
GTATCACCAA
ACATAGGATA.
CGCGGTCAAT.

ACATTATCCA
ATCATCCTAC
AGCATTCAAT.

SUMMARY STATISTICS CALCULATION

\

\

\

NA an N1 tpnp1 traq
959 | 12,354 | 7,053 230 | 5
X
Het1 |[Het2 Het4 |Het5
0.721 |0.844 0.687 |(0.783
Fst1-2 |Fst1-7 |Fsr1-4 | Fst1-5 | Fsr2-
0.098 |0.053 |0.067 |0.121 |0.009
NA an N1 tpnp1 traq
168 | 84,420 | 1,697 1,520\ 187
X
Het1 |Het2 Het4 |[Het5
0.643 |0.628 0.903 |(0.658
0.108 |0.154 |0.098 |0.023 |0.084
NA an N1 tpnp1 trag
57 | 3,005 (4,132 847 | 64
X
Het1 |Het2 Het4 |Het5
0.457 |0.697 0.964 |(0.784
Fst1-2 |Fst1-7 |Fsr1-4 | Fst1-5 | Fsr2-
0.135 |0.147 |0.198 |0.127 |0.163

A
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OBSERVED DATA

Pop1 Pop2

AATCAGTACC.
ACTCGCTACG
GGGCCACTAT
ACATAGAATC

ACCATGCAAT.
GCATTTTCCA.

b

Pop4

CGTGATTACG.
GCTCATTATG.
GGATCACCAT,
ACATAGGATA.
AGCGGTCAAT.

GCATTATCCA.
AACATCCTAC
AGCATTCAAT.

Pop5

OBSERVED SUMMARY STATISTICS

Het1 |Het2 Het4 |Het5
0.639 |0.625 0.915 |0.678
Fst1-2|Fst1-3| Fsr1-4 | Fs71-5 |Fsr2-
0.109 |0.158 |0.100 |0.027 [0.085

10



Approximate Bayesian Computation demographic inference

Na an N4 ™ tonp1 | tras . Na an N4 . tpnp1 | tras -
959 (12,354 |7,053 | | 230 | 5 959 12,354 [7,053 | | 230 | 5
X X
i i 0 g N Het1 [Het2 Hetd |Het5

ShTcATAGG 2 > (0.721 |0.844 0.687 |0.783 OBSERVED DATA
CCATAGGATC.
facons Ferl-2|Fer1-3| Forl 4| Forl 5| For2- Popi  Pop2 Pop4  Pops
i 0.098 |0.053 |0.067 |0.121 |0.009

GCTCATTATG.
GGATCACCAT

ACATAGGATA.

%
>, V)
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o o Al AGCGGTCAAT
7p) - 3 S o
pd < gl
O NA an N1 tpnp1 traq O NA an N1 - tpnp1 tras m
— 168 | 84,420 | 1,697 1,520| 187 168 | 84,420 | 1,697 | |1,520| 187 = 4
IE 8 X (g OBSERVED SUMMARY STATISTICS
3 opy (R |: Het1 [Het2 Het4 [Het5 | Het1 (Het2 Het4 [Het5
Parameter prior distributions : SCICATIATG _ m > 0.643 |0.628 0.903 |0.658 < E > 0.639 0.625 0.915 |0.678
= e s AocesToM —2  [Fsr1-2|Fsr1-3|Fsr1-4|Fr1-5 | For2- < Forl-2|For1-3|For1-4|For1-5|Far2-
Na  Uniform [10 .. 1000] (7) ki IE 0.108 |0.154 |0.098 |0.023 |0.084 5." 0.109 |0.158 |0.100 [0.027 |0.085
Npp Uniform [10 .. 100 000] - o
Ny Uniform [10 .. 10 000] n o Model Parameter posterior distributions
>- % best explaining the data
Fa1  Normal [0, 1] Na | Nnp | Ni | | tonpst | trag 14 Na| Nnp | N1 | | tonpt | trag | 2 Na Nnp N1 tonp1 tras
I LoaUniform 10 1 57 | 3,005 (4,132 | | 847 | 64 < 57 | 3,005 (4,132 | | 847 | 64 o2 26960 poar | SEE | 26 e
r 9 (0.1 D [12-587] | [251-54,789] | [1,458-9,890] | | [19-1248]|[1-58]
X = X o
tonp: Uniform [ .. 5 000] Pop1  Pop2 Pop4  Pop5 => Het1 [Het2 Hetd [Het5 o . i
. STATWTT icACTcS. - ) Y [0-457 | 0.697 0.964 |0.784 Q Sf v :
traq Uniform [1 .. 250] GTATCACCAA of M
Q(égé\gfc% It m FST1 -2 FST1' Fs'r1-4 Fs'r1 -5 FSTZ- g .Z,E | gi -
:“:‘f:f: 0.135 |0.147 |0.198 |0.127 |0.163 I H
F :
b g | prior i
i i
0 1000 2000 3000 4000 5000 € e e W e e
Generations Generations
Tavaré et al., Plos Gen 1997 11

Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002



Approximate Bayesian Computation for complex admixture history

Approximate Bayesian Computation (Tavaré et al. 1997) represent an alternative ?
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If simulations are feasible

If summary-statistics are informative about model-parameters,

3 ABC inferences may be successful for the reconstruction of

complex admixture histories from genetic data

Tavaré et al., Plos Gen 1997 12
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002




Complex admixture histories reconstructed with MetHis-ABC

If simulations are feasibleé

Source 1 Source 2 Source 3
Simulating complex admixture histories under the coalescent - e -
I ivial: Hybrid
is often not trivial: B y i oo
——  —
. . . . s1 1 ¢ 52 1 53 1
Different pedigree for each independent locus instead of a — —!
. . . . . | s Lh; $i; |
single pedigree having, in reality, produced all observed =Bl Yh’ $s2isimazansdnd
) : V' s 8.
gene genealogies (see Wakeley et al. 2012) 1,9 ] - 29| 3,9

MetHis

genetic data simulator under complex admixture models

13
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MetHis: genetic data simulator under complex admixture histories

S,‘,’(‘,’E‘;E MetHis simulates a random-matting admixed population of diploid size N,
B at generation g, forward-in-time centered on individuals
Agg‘g‘ﬁ” MetHis simulates any number of autosomal independent genetic loci (SNPs or
g=0 ;

microsatellites)

S

g=1 s 1. For each Ng,, individuals in population H at generation g+1:
H Draw randomly parents in populations S1, S2, and H in proportions s, ,, s, , and h,
...................................... lh_
’ , i_i- 2. Create haploid gametes for each parent by randomly drawing alleles at each loci

3. Pair gametes to create a new individual in population H, avoiding selfing
vme{l,..,M},sy, € [0,1] such that

MetHis simulates a mutation model for microsatellites (GSMM with in/del)

vme(l,.. MLVjel,.., g}
h; and s,y, E [0,1] such that

hj‘ + Z Sm,j =1
m=1

14
Fortes-Lima et al., Mol Ecol Res 2021




Approximate Bayesian Computation for complex admixture history

Approximate Bayesian Computation (Tavaré et al. 1997) represent an alternative ?

00 € QQa 0 PFYEXA YO PHOCYO & Yo (D€ QQa 0 (D QQA 0 Pi GOai

Source 1 Source 2 Source 3
Hybrid
S10 220 S30
 ———- 0

s hy s s 5
1.1 2,1 3,1 1 il
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I J,hg S : o
| Sy g - 2,9 S3 g] lg a

If summary-statistics are informative about model-parameters,

3 ABC inferences may be successful for the reconstruction of

complex admixture histories from genetic data

Tavaré et al., Plos Gen 1997 15
Pritchard et al., Genetics 2000
Beaumont et al., Genetics 2002




MetHis: summary-statistics calculator for ABC inference

If summary-statistics are informative about model-parametersé

ACl assical o popul at i gtatistce neti cs summary

Expected Heterozygosity (Nei, 1978)

Inbreeding coefficient F (Danecek et al. 2011)

Multilocus pairwise Fs; (Weir and Cockerham, 1984)

f; (Admixed; S1, S2) (Patterson et al., 2012)

Individual pairwise Allele Sharing Dissimilarities (Bowcock et al., 1994)

Fortes-Lima et al., Mol Ecol Res 2021




MetHis: Distribution of admixture fractions informative about model-parameters

Source 1 Source 2 Source 3
- - - vme€{1,..,M},smo € [0,1] such that
M
<. Hybrid 5 Z Smo = 1
1,0 270 3,0 =1
% e —— 0 m
S 1 S S .
1,1 2,1 3,1 vme({l,.. M,Vje{1,.., g}
; { Lvjefl,.. g}

h; and sy, ; € [0,1] such that

M
hj + Z Sm._.f =1
m=1

J
lo
For a random locus in a random individual in the hybrid population at generation g > 0,

let ;4 be the probability that this locus originally derives from Source Population i (with i in {1,.., M}):

suonesauab ul awi )

(1 ifY = 5;8;, with P[Y = §;5;] = s

if ¥ = 5;5;, with P|¥Y = 5;5;| = 25; g5;
Hi.lz': 1) [ i ]] 1.0-],0

2
. _ . _ _ 2

0 ifY =S5, with P[Y = §;5;] = 575

0 ifY = §;S, with P[¥ = §;S1| = 250510,

Verdu and Rosenberg, Genetics 2011



MetHis: Distribution of admixture fractions informative about model-parameters

Source 1 Source 2 Source 3
- - - vme€{1,..,M},smo € [0,1] such that
M
s, Hybrid % Z Smo = 1
1,0 2,0 3,0 . e
-
S41.1 ! Sa1 S31 3 vme{1,..,MLVjE{L.. g},
: E s iz h; and sy, ; € [0,1] such that
| Sy J,hj S3; | : % M
R T i 9 3 A R . S | 1o _
| h | - hj+25mj_1
| 6 '
S0 . m Y S29| S3,9] 3 m=1

lg
For a random locus in a random individual in the hybrid population at generation g > 0,
let ;4 be the probability that this locus originally derives from Source Population i (with i in {1,.., M}):

( 1 if¥ = §;5;, with P[Y = §;5] = s{f’g_l
Mg ™1 iy —sH ith P[Y = S;H] = 2s;._,h
(1 ifY = §;S;, with P[Y = §;8;] = s, 2 T e — T “Sig-1ig
1 1 P . _ _
o _ 17 Y =SiS;with P[y = siS;] = 2si0sj0 q 3 if ¥ = §;8;, with P[Y = §;5;] = 25;5_45754
117 an 1 2
0 ifY =S5, with P[Y = §;5;] = 575 Hig = 3 H;Eg:'_l + H]-E,EL £ = HH, with P[¥ = HH] = A2
: if ¥ = HH, wit = = h2_
(0 ifY = §;S;, with P[Y = $;81] = 250510, 2 81
Hj g-1
— if Y = S;H, with P[Y = S{H| = 2s;5_1hg—y
. _ . _ _ 2
0 if ¥ = §;8;, with P[Y = §;8;] = s7,_;
\ 0 ifY = §;S;, with P|Y = §;8;| = 25j5_1514_1.

Verdu and Rosenberg, Genetics 2011



MetHis: Distribution of admixture fractions informative about model-parameters

Populations of origin of the parents of a 1 if Y = §;S;, with P[Y = §;§;] = Si;fg—l
Source 1 Source 2 Source 3 random individual in population H at Probability Hiooq+1
- - - generationQ p LET if ¥ = 8iH, with P[Y = S{H] = 255, hy_
2 Sand § A 1
s, . Hybrid o g = ifY = 8,8, with P[Y = §;8)] = 25,5151
1, 2,0 | 3,0 5 Sand H (or Hand B A" 2 o o e
o g la® L p@
S 1 Sy S 5 Sand§(or§and 9 AGTIA ig w if Y = HH, with P[¥ = HH] = h2_,
, A8 ) 15
- - e Hand H I’H Hig 1
s M '3 P 1 - if ¥ = SjH, with P[¥ = §;H| = 2555 1hg
- B Sand H (or H and) Yin K 2
' =] i = i S i = S:| = 5.
| S14 o s, S3.4l i g §ands . 0 if Y = §;5;, with P[¥ = 5;§] = 57,
- 9 0 ifY = §;8;, with P[Y = 8;8)| = 25515151

Distribution of admixture fractions

v g {ﬁTﬁw!p]_ﬁ}

{ “ifE p
I Q ph 0(0f n) ciwln EHE pig
i p EfE 18
-~ ey A ”, 5 », O 5 ”, crz] ’ ” 5 [ ’ ” 5 [, A w, N\
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Verdu and Rosenberg, Genetics 2011



MetHis: Distribution of admixture fractions informative about model-parameters

Populations of origin of the parents of a 1 if Y = §;S;, with P[Y = §;§;] = Si;fg—].
Source 1 Source 2 Source 3 random individual in population H at Probability Higy+1
= generation@ p IET ifY = SiH, with P[Y = S;H] = 251512y,
g d$ Vi 1
Hybrid SE o ‘ el
s S, s - if¥ = §;S;, with P|¥ = §;S;| = 25;,_15; o_
1,0 2,0 3,0 . Sand H (or H andp _— > 19 [ i JJ ig-15j,g-1
o g la® @
s hi sy, s E Sand§(or§and 9 Vi Vi R e if ¥ = HH, with P[Y = HH] = h2_
17 - 3,1 15 2 g-1
i i § Hand H h Hio s
S1, e 2 —£= if¥ = S;H, with P[Y = SjH| = 25;5_1hg
g L 'is Sand H (or H an&) v b i i jg-1Mg
g s ) 0 IfY = 85, with P[¥ = §;5] = sZ,_
e [ | Ly *39] ,l,ga Sand§ Y iS5 [ Sil = sz
0 ifY = §;S, with P[Y = §;8)| = 25,1553

Law of total expectation:

kth - moment =

Verdu and Rosenberg, Genetics 2011
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MetHis: Distribution of admixture fractions informative about model-parameters

Source 2

Source 1

=

3

5

?

2

=

o

@

h 3 ¢8
iq(p |h)h 3 o
0] . “2u

6 0'Q 6(3 6(3 (cD(iﬁQ |pp ,,Q)FIEI c8

Verdu and Rosenberg, Genetics 2011
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MetHis: Distribution of admixture fractions informative about model-parameters

Source 2

Source 1

Use the distribution of admixture fractions as an ABC-informative summary statistics !

Verdu and Rosenberg, Genetics 2011

suopelauab ul awi)

$1,0= 8207 0.5
$1=0.0001 ;s,=0.2

$S107 0.8 5820~ 0.2
$1=0.0001 ;s,=0.2

S$10= 0.8 5820~ 0.2
$1=0.2;s,=0.0001
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MetHis: summary-statistics calculator for ABC inference

If summary-statistics are informative about model-parametersé

Individual admixture fractions
Min and Max admixture fractions
10% quantiles of individual admixture fractions
Mode, Mean, Variance, Kurtosis, Skewness of individual admixture fractions

Fortes-Lima et al., Mol Ecol Res 2021




Case study: Admixture history of the Afro-American

Number of tracts

LE CODE NOIR
EDIT DU ROY:

SERVANT DE REGLEMENT
POUR le G & 'Adminiftration de Juftice & la
Police des 1iles Frango xf:sd lAmer ique, & pour la
Difcipline & le Commeree d.csN:gre s& Efclaves
dans ledic Pays.

Domé & Verfailles 5 a mois de Mars 1 168¢.

AVEC,
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Confed Souveesin & de quarre Sicges Royaux dans
1a Cottede I'iflc de . Dominguc.

A PARIS

Chez la Veuv SAUGRAIX, 3 V'entrée du Qua ucévur
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M. DCCXVIIL

1;)(())(()) Anc. Model Data
EUR eoe
AFR — AAA
100
50
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]
1 o s R
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Tract Length (cM)

Gravel, Genetics 2012

Fortes-Lima and Verdu, Hum Mol Gen 2021

A Best two-population model, SCCS

1714 admixture
i (AFR+EUR)

1854 admixiure
S (EUR)

today £

B Best three-population model, SCCS

1486 admixture

1 (AFR+NAT) /\ (EUR) [,

1807 and 1912 admixture .D '

e
e s o edata
: —— EUR model

e AFR model [

1920 1930 1940 1950 196
Year of birth

E 0.86 @ birth @ current @ immigrants @ emigrants

p=0002  P3004
e oO
®

0 50 100 150 200 250 300
Tract length (cM)

Midwest Northsast |
West North * South

Baharian et al., Plos Gen 2016

and Barbadian populations from the 1KGP

Transatlantic Slave Trade:
3 Recent admixture history (~20 generations)
3 Variable migration histories to the Americas

3 Variable slavery histories in the Americas

Previous studies tested 2 admixture pulses at most,

with ML methods using >> 1 million SNPs

They found that 2 admixture pulses from Europe
were most likelyé but cannot try more complex

models.
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Nine competing models for the admixture history of the ASW and the ACB

21 generations before present (g = 20) Scenarios S 2P  Parameter priors

SOURCE ADMIXED
S

ani - S Uniform [0,1]
g h,

= Admixed population founded ~ 1500s

Ss Uniform [0,1]

(]
'5 ;
m t\-‘) —’

:E (] & ‘ ; F S... Uniform [0,1]
SOURCE SOURCE E % * t\_‘ Uniform [1,20]
POP. 1 POP. 2 g Qo k. [, .. Uniform [1,20]
s L Win

-~
ADMIXED
g=0 POP. H

Fortes-Lima et al., Mol Ecol Res 2021



Nine competing models for the admixture history of the ASW and the ACB

21 generations before present (g = 20) Scenarios S 2P  Parameter priors
= Admixed population founded ~ 1500s o ._* 5., Uniform o]
S ” P ‘ o S..  Uniform[0,1]
X 3 Sst * S..  Uniform [0,1]
SOURCE SOURCE E E » ! tw{ Uniform [1,20]
POP. 1 POP. 2 g o . * f. . Uniform [1,20]

B LA S P

-l
ADMIXED

g=0 POP.H Sii::?rigggxiPE Parameter priors

»

. Uniform [0,1]

S.,  Uniform [0,1]

Ss20 Uniform [0, s /3]

Y. Uniform [0,0.5]

Monotonically
decreasing

Fortes-Lima et al., Mol Ecol Res 2021



Nine competing models for the admixture history of the ASW and the ACB

21 generations before present (g = 20) Scenarios S 2P

SOURCE ADMIXED
S POP. H

= Admixed population founded ~ 1500s

() ~ [l
S 0 h,
7 S T =
gg =W
SOURCE SOURCE £ 5 =
POP. 1 POP. 2 g e | |
B "
-~ W
ADMIXED )
g=0 POP. H vEenario 5 DE

Monotonically
decreasing

~ls..

Scenario SIN

SOURCE
S

Monotonically
increasing

Fortes-Lima et al., Mol Ecol Res 2021

Parameter priors

S Uniform [0,1]
S<. . Uniform [0,1]
S<. . Uniform [0,1]
I, ., Uniform [1,20]
. ., Uniform[1,20]

bspr # o2

Parameter priors

S, Uniform[0,1]
S..  Uniform[0,1]
S50 Uniform [0, s, /3]

U, Uniform [0,0.5]

Parameter priors

s., Uniform[0,1]
S..  Uniform [0, s, /3]
S..0 Uniform [0,1]

Y. Uniform [0,0.5]
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Nine competing models for the admixture history of the ASW and the ACB

21 generations before present (g = 20)

= Admixed population founded ~ 1500s

SOURCE
POP. 1

SOURCE
POP. 2

3 admixture
pulses

ADMIXED
POP. H

sz,o -

Monotonically
decreasing

Increasing

Monotonically

Fortes-Lima et al., Mol Ecol Res 2021

Scenarios S 2P

SOURCE ADMIXED
POP. H

Scenario S DE

SOURCE ADMIXED

Parameter priors

S..  Uniform[0,1]
s, Uniform [0,1]
S Uniform [0,1]
I, .. Uniform [1,20]
L. .. Uniform [1,20]

t

sp1 # ts[;g

Parameter priors

S.,  Uniform [0,1]
S.,  Uniform[0,1]
Ss20 Uniform [0, s, /3]

U, Uniform [0,0.5]

Parameter priors

S..  Uniform [0,1]
5., Uniform [0, s, /3]
5.0 Uniform [0,1]

Y. Uniform [0,0.5]

Scenario Afr2P - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

buor s ’ i
»
: s lEur p1
- Eunte,, pl '
i ' v

Eur 0

$4 1 : '
A'r P/ : S” i s tEurpZ
g~ h,, E‘"'Eurpz

quu- - -

Scenario Afr2P - EurDE

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

.

tm;.;n '
HEE R T
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Seura {

tAff p2 ‘S_’

Scenario Afr2P - EurIiN
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Fq

EuH
o > ’ :
! u

hy

,=2o- -

Seurz20

Scenario AfrDE - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP.H EUROPE
-
St 0 h sEur 0
'S,

:

s, ! tE"M”
u Eur,l lE‘" p‘ ' :
A v

Afr
N

tEur p2

S
hy, ~Eunty, pz

-sm o .

Scenario AfrDE - EurDE

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE
Afr,0 I h sEur,n
sEul.1

S0 I Seee

Scenario AfrDE - EurIN

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

Eur 0

Scenario AfriN - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

h,, "~ Euntg,, pz

Scenario AfriN - EurDE

SOURCE ADMIXED SOURCE
AFRICA EUROPE

St i

Eur,0
S,

Eur,1

Scenario AfriN - EurIiN

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

Skt i

Eur,0
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Nine competing models for the admixture history of the ASW and the ACB

Scenario Afr2P - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

t[‘ F
—

¢! i Seura |
Afr,p1 ¢ ]
£t Sany ;
¥ ! H

Scenario Afr2P - EurDE

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE
g=0 - - _-
o Saro h Seuro
i = ' ;

/\h p2 ’
hy

g9=20
- -sE .

Scenario Afr2P - EuriN

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

ur.15

Scenario AfrDE - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP.H EUROPE

Scenario AfrDE - EurDE

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE
g=0 -' PE— ! ‘_-
S»'." h‘ SEU’,O
Sarma Seura
g1

[l
oo s Bl s

Scenario AfrDE - EurIN

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

h?ﬂ

Scenario AfriN - Eur2P

SOURCE ADMIXED SOURCE
AFRICA POP. H EUROPE

Fortes-Lima et al., Mol Ecol Res 2021

Scenario AfriN - EurDE

SOURCE ADMIXED SOURCE

Scenario AfriN - EurIN

SOURCE ADMIXED SOURCE

A 100,000 independent SNPs
A Ny = constant 1,000 individuals (for simplicity here, MetHis option)
A 10,000 simulations per model = 90,000 simulations total

A Sample 90 Africans, 89 Europeans, and 50 individuals in the admixed population.
For each simulated data set, calculate 24 population genetics summary statistics
27 cores -> 3 days calculation total.

2/3 of this time = summary statistics calculationé

Simulation time increases with Ne much more rapidly than with g.
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1

Stat 2
[ o

Model B

T
1.0 Stat1



Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1
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No > S17 Yes

No Yes
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1

Stat 2 |
No > S172 Yes
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1

Stat 2 |
2 . . "
L ]
" ° w No S S1 ?
" ° £ s2b
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® o °
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order
them by variance explained

Build Decision Tree 1

Stat 2 |
° * ®
L ]
° No
A X} >S1T?
: % ° ° S2b
[ L
A> s2a2 S
e o : o ° °
L [ ]
328 ® 8 & = ° - _|
e o .y ° >
© @ C & PY o 0@ -
T Vv *%
0% o e LI ° = L
0®%0%e o o, #°, ¢
& e ® ‘.
! ! Prediction with decision tree 1 = Model C
0.0 s1 1.0 Stat1

Stat 3

0.0

Draw randomly other stats and
order them by variance explained

Build Decision Tree 2

Model B

T
0.0

T
10 Stat4
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Random Forest algorithm for model choice (Breiman 2001)

Stat 2

S2a

Draw randomly stats and order
them by variance explained

Build Decision Tree 1

¥ _[ssre

S2b

0.0

e 0,0 ° [
° p ® e
e © o[ModelB} o'
® o e ." o of

Yes

~|> S2a? —|

T
0.0

! Prediction with decision tree 1 = Model C
1.0 Stat1

Stat 3

S3

Draw randomly other stats and
order them by variance explained

Build Decision Tree 2

No

>837?

Yes

0.0

T
1.0 Stat4
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order

: : Draw randomly other stats and
them by variance explained

order them by variance explained

Build Decision Tree 1 Build Decision Tree 2
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order

: : Draw randomly other stats and
them by variance explained

order them by variance explained

Build Decision Tree 1 Build Decision Tree 2

stat 2 | stat3
e ° Y v = ;
[ ] - =p | L >
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Random Forest algorithm for model choice (Breiman 2001)

Draw randomly stats and order

: : Draw randomly other stats and
them by variance explained

order them by variance explained

Build Decision Tree 1 Build Decision Tree 2
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Random Forest algorithm for model choice (Breiman 2001)

No

Repeat and build a random-forest of decision trees

>8S2a?

>817?

Yes

Yes

Prediction with decision tree 1 = Model C

Prediction with decision tree 2 = Model A

Yes

Prediction for the observed data is, e.g., the majority of
votes across 1000 trees in the random forest

Prediction with decision tree 1000 = ...
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

T T T I

Afr Source : 90 indivs

Eur Source : 89 indivs
Admixed population H: 50 indivs

Scenario Afr2P - Eur2P Scenario Afr2P - EurDE
SOURCE AOMXED souRce ADMIXED sourRce

Scenario AfrDE - Eur2P
pram

SOURCE XED SOURCE

Fortes-Lima et al., Mol Ecol Res 2021

RF-ABC Predicted model

Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 trees
Cross-validation all simulations

100,000 independent SNPs
Sample sizes:

AfrIN - EurIN—  1.2% 2.7% 2.9% 2.9% 0.1% 10.8% 2.8%

AfrDE - EurIN—  1.6% 6.6% 0.8% 1.7% 1.7% 1.4%

Afr2P - EurIN—  5.9% 2.2% 0.0% 5.1% 0.3%

AfrIN - EurDE - 2.0% 1.5% 9.9% 6.0% 1.5% 18.4%

AfrDE - EurDE -  5.9% 15.8% 2.0% 4.8% 1.4% 4.8% 1.7%

Afr2P - EurDE 4 11.2% 1.8%

0.4% 7.6% 0.6% 6.9% 1.1% 0.1%

AfrIN - Eur2P 4 5.7% 4.6% 1.8% 0.4% 9.1% 0.0% 0.0% 0.2%

AfrDE - Eur2P — 1.8% 7.6% 0.9% 0.6% 0.6% 0.2%

Afr2P - Eur2P 7.6% 0.9% 7.0% 2.7% 0.2% 0.9% 0.2% 0.1%

I I I I I I I I

Q & S Q W > Q & S
I\ Q N o Q N & Q &
< & < & & = < £ <
True model

Prior error rate = 32.41%, Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

Cross-validation all simulations
100,000 independent SNPs
Sample sizes:
Afr Source : 90 indivs
Eur Source : 89 indivs
Admixed population H: 50 indivs

T T T I

Model T Nestedness (Robert et al. 2011)

A Er r on e owwoicerincdeasked
among scenarios qualitatively similar

Fortes-Lima et al., Mol Ecol Res 2021

RF-ABC Predicted model

Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 trees

AffIN - EuriN<  1.2% 2.7% 2.9% 2.9% 0.1% 10.8% 2.8% 9.7%
AffDE -EurlN-  1.6% 6.6% 0.8% 1.7% 1.7% 1.4% 9.5% 17.7%
Afr2P - EuriN-{  5.9% 2.2% 0.0% 51% 0.3% 0.0% 8.8% 0.3%
AfrIN - EuDE 4 2.0% 1.5% 9.9% 6.0% 2.0% 0.9% 1.5% 18.4%
AfrDE - EurDE -{ 5.9% 15.8% 2.0% 15.6% 4.8% 1.4% 4.8% 1.7%
Afr2P - EurDE 4 11.2% 1.8% 0.4% 7.6% 0.6% 6.9% 1.1% 0.1%
AfrIN - Eur2P -{  5.7% 4.6% 1.8% 0.4% 9.1% 0.0% 0.0% 0.2%
AfrDE - Eur2P 4 11.2% 6.7% 1.8% 7.6% 0.9% 0.6% 0.6% 0.2%
Afr2P - Eur2P 7.6% 0.9% 7.0% 2.7% 0.2% 0.9% 0.2% 0.1%
[ [ [ | I [ [ [
@ G g & & & G Iy @
¢ & F 9§ & F 9§ & £
v Q & N Q S & Q &
S A N T
True model

Prior error rate = 32.41%,

Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

A Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 decision trees in the random forest
A Cross-validation all simulations

A 100,000 independent SNPs
A Sample sizes:
Afr Source : 90 indivs
Eur Source : 89 indivs
Admixed population H: 50 indivs

AfrIN - EurlN < 1.2% 2.7% 2.9% 2.9% 0.1% 10.8% 2.8% 9.7%

AfiDE - EuriN~  1.6% 6.6% 0.8% 1.7% 1.7% 1.4% 9.5%
B AfP-EurN- 59% 22% 0.0% 5.1% 0.3%
g
o AfIN-EurDE- 2.0% 1.5% 9.9% 6.0% 1.5% 18.4%
2
L
S AfDE-EuDE-| 5.9% 15.8% 2.0% 1.4% 4.8% 1.7%
o
Q
@ Afr2P - EurDE - 11.2% 1.8% 0.6% 6.9% 1.1% 0.1%
AfrIN - Eur2P — 1.8% 0.4% 9.1% 0.0% 0.0% 0.2%
AfrDE - Eur2P — 1.8% 7.6% 0.9% 0.6% 0.6% 0.2%
Afr2P 0.9% 7.0% 2.7% 0.2% 0.9% 0.2% 0.1%
T T T T T T T
g & g 3G & G G
Q & < < ; ; Q & 3
&y & & & & &£ & & &
s < &5 < < < X <
True model

Prior error rate = 32.41%
Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

A Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 decision trees in the random forest
A Cross-validation all simulations

A 100,000 independent SNPs A 50,000 independent SNPs

A Sample sizes: A Sample sizes:
Afr Source : 90 indivs Afr Source : 90 indivs
Eur Source : 89 indivs Eur Source : 89 indivs

Admixed population H: 50 indivs Admixed population H: 50 indivs

AfN-EurlN-  12% | 27% | 29% 2.9% 01% | 108% | 28% | 97% AfIN-EuriN-  14% | 30% | 29% | 30% | 01% | 108% | 3.0%
AfDE-EurlN—-| 1.6% | 66% | 0.8% 1.7% 1.7% 14% | 95% 17.7% AFDE-EurlN- 20% | 59% | 08% | 20% | 24% 1.7%
T ARP-EurlN- 59% | 22% | 00% 5.1% 0.3% 0.0% 8.8% 0.3% T ARP-EuwiN- 62% | 21% | 00% | 53% | 05%
o AfIN-EuDE-{ 20% 15% | 9.9% 60% | 2.0% 0.9% 15% | 18.4% o ARIN-EuwDE- 19% | 21% | 97% | 67% 16% | 17.2%
2 ]
L ©°
D ARDE-EurDE-{ 59% | 158% | 20% | 156% 4.8% 14% | 48% 1.7% § AFDE-EuDE-| 67% | 155% | 1.8% 19% | 46% 1.6%
a o
I I}
0 Aff2P-EurDE- 112% | 18% | 04% 7.6% 06% | 69% 1.1% 0.1% 0 Af2P-EuDE- 120% | 2.1% 07% | 67% 10% | 02%
A )
©  AfIN-Euw2P- 57% | 46% 1.8% 0.4% 91% | 00% | 0.0% 0.2% ©  AffIN - Eur2p 04% | 91% | 01% | 00% | 02%
AfDE - Eur2P - 11.2% 6.7% 1.8% 7.6% 09% | 06% | 06% 0.2% AfDE - Eur2P - 22% | 76% 13% | 05% | 05% | 02%
Afr2P - Eur2P 76% | 09% 7.0% | 27% 02% | 09% | 02% 0.1% Afr2P - Eur2P | 51.1% 11% | 76% | 29% | 02% | 07% | 02% | 00%
T T T T T T T T Ll [ ] 1 Ll 1 T T
G G @ G G G @ @ % G G @ & & & @G @ G
Q W 3 Q w 3 & o s & & N Q w $ & & g
& S S & 3 & S 3
&§ & & & & §&§ § & = &§ & & & £ & § & ¢
True model

Prior error rate = 32.41% Prior error rate = 33.53%
Model-choice error a priori = 8/9 = 88.89% Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

A Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 decision trees in the random forest
A Cross-validation all simulations

A 100,000 independent SNPs A 50,000 independent SNPs A 10,000 independent SNPs

A Sample sizes: A Sample sizes: A Sample sizes:
Afr Source : 90 indivs Afr Source : 90 indivs Afr Source : 90 indivs
Eur Source : 89 indivs Eur Source : 89 indivs Eur Source : 89 indivs

Admixed population H: 50 indivs Admixed population H: 50 indivs Admixed population H: 50 indivs

AffIN - EuriN - 1.2% 2.7% 2.9% 2.9% 0.1% 108% | 2.8% 9.7% AfIN - EuriN-  1.4% 3.0% 2.9% 3.0% 01% | 108% | 3.0% AfriN - EuriN< - 2.0% 3.9% 2.8% 4.2% 0.1% [ 122% | 27%
AffDE - EurlN—  1.6% 6.6% 0.8% 1.7% 1.7% 1.4% 9.5% 17.7% AfDE -EuriN<  2.0% 5.9% 0.8% 2.0% 2.4% 1.7% AfDE - EuriN—4  2.7% 6.8% 0.9% 2.3% 2.7% 2.2%
3 AfP-EulN-| 59% 2.2% 0.0% 5.1% 0.3% 0.0% 8.8% 0.3% T AfP-EuwlN- 62% 21% 0.0% 5.3% 0.5% 3 Afi2P - EuriN+ - 6.8% 2.2% 0.0% 7.4% 12%
g | : :
o AfIN-EuDE- 2.0% 1.5% 9.9% 6.0% 2.0% 0.9% 1.5% 18.4% < AfiN-EuDE- 1.9% 21% 9.7% 6.7% 1.6% 17.2% S AfriN - EuDE+  3.0% 2.8% 106% | 6.6% 2.3% 18.3%
g 8 3
T ARDE-EwDE-{ 59% | 158% | 20% | 156% 48% | 14% | 48% | 17% S ADE-EwDE- 67% | 155% | 1.8% 19% | 46% | 16% ® AWDE-EuDE- 85% | 17.4% | 23% 24% | 51% | 15%
o o 3
%) %)
@ Afr2P - EuDE 11.2% 1.8% 0.4% 7.6% 0.6% 6.9% 1.1% 0.1% @ Afr2P - EurDE 1 120% | 21% 0.7% 6.7% 1.0% 0.2% o Am2P=EurDES 137% | 25% 9.5% 0.4% 7.4% 1.3% 0.2%
w L I&-’
©  AfIN-Eu2P  57% 4.6% 1.8% 0.4% 9.1% 0.0% 0.0% 0.2% ©  AffIN - Eur2p 0.4% 9.1% 0.1% 0.0% 0.2% AfriN - Eur2P 1.1% 8.9% 0.1% 0.0% 0.2%
AfrDE - Eur2P - 11.2% 6.7% 1.8% 7.6% 0.9% 0.6% 0.6% 0.2% AfrDE - Eur2P -] 2.2% 7.6% 1.3% 0.5% 0.5% 0.2% AfrDE - Eur2P 24% 8.9% 1.1% 0.4% 0.6% 0.2%
Afr2P - Eur2P 7.6% 0.9% 7.0% 2.7% 0.2% 0.9% 0.2% 0.1% Afr2P - Eur2P - 51.1% 1.1% 7.6% 2.9% 0.2% 0.7% 0.2% 0.0% Afr2P - Eur2P 4 4 0.7% 7.7% 3.1% 0.1% 0.6% 0.2% 0.0%
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True model

Prior error rate = 32.41% Prior error rate = 33.53% Prior error rate = 37.93%
Model-choice error a priori = 8/9 = 88.89% Model-choice error a priori = 8/9 = 88.89% Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

A Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 decision trees in the random forest
A Cross-validation all simulations

A 100,000 independent SNPs A 100,000 independent SNPs

A Sample sizes: A Sample sizes:
Afr Source : 90 indivs Afr Source : 18 indivs
Eur Source : 89 indivs Eur Source : 18 indivs

Admixed population H: 50 indivs Admixed population H: 10 indivs

AfIN-EurlN-{ 12% | 27% | 29% | 29% | 01% | 108% | 28% | 97% | 614% AfN-EuriN-| 16% | 38% | 29% | 38% | 04% | 146% | 26% | 136%
ADE-EurlN- 16% | 66% | 08% | 17% | 17% | 14% | 95% 17.7% AFDE-EurlN- 31% | 63% | 09% | 28% | 37% | 27% | 119% 18.8%
T AMP-EulN- 59% | 22% | 00% | 51% | 03% | 00% 88% | 03% % AfP-EuiN- 7.6% | 26% | 01% | 94% | 41% | 02% 221% | 1.9%
g g
o AfN-EuDE-| 20% | 15% | 99% | 60% | 2.0% 09% | 15% | 184% o AfIN-EuDE- 25% | 28% | 109% | 62% | 37% 11% | 26% | 186%
2 2
S S —
T ADE-EuDE- 59% | 158% | 20% | 156% 48% | 14% | 48% | 17% S AFDE-EuDE-| 107% | 186% | 4.9% | 195% | 494% | 65% | 53% | 65% | 27%
® 9.4%
a o
(5] - (8] s
@ AfP-EuDE- 112% | 18% | 04% | 882% | 76% | 06% | 69% | 1.1% | 01% @ Af2P-EuDE-| 149% | 53% | 09% | 402% | 161% | 12% | 79% | 16% | 04%
3 3 '
®  AfIN-Eu2P- 57% | 46% 18% | 04% | 91% | 00% | 00% | 02% ©  AMN-Eu2PH 84% | 93% 29% | 37% | 218% | 01% | 02% | 19%
AfDE -Eur2P-| 11.2% | \67.8% | 67% | 18% | 7.6% | 09% | 06% | 06% | 02% AFDE -Eur2P-| 151% | 414% | 81% | 54% | 145% | 17% | 07% | 08% | 04%
Afr2P - Eur2P | 862% || 76% | 09% | 70% | 27% | 02% | 09% | 02% | 01% Afr2P-Eur2P-| 36.4% | 100% | 16% | 98% | 44% | 05% | 10% | 03% | 01%
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True model

Prior error rate = 32.41% Prior error rate = 48.39%
Model-choice error a priori = 8/9 = 88.89% Model-choice error a priori = 8/9 = 88.89%
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

A Random Forest ABC (abcrf package in R, Pudlo et al. 2016) i 10,000 MetHis sims/scenario i 1,000 decision trees in the random forest
A Cross-validation all simulations

A 100,000 independent SNPs
A Sample sizes:

AfrIN - EurIN —

Afr Source : 90 indivs
Eur Source : 89 indivs
Admixed population H: 50 indivs

1.2%

2.7%

2.9%

2.9%

0.1%

10.8%

2.8%

AfrDE - EurIN —

Afr2P - EurlN —

RF-ABC Predicted model

AfrIN - Eur2P —

AfrDE - Eur2P

1.6%

6.6%

0.8%

1.7%

1.7%

1.4%

5.9%

2.2%

0.0%

5.1%

0.3%

AfrIN - EurDE - 2.0%

AfrDE - EurDE -{  5.9%

Afr2P - EurDE 4 11.2%

Afr2P - Eur2P | 56.2¢

Minimum Admixture from Afr in Pop H
Maximum Admixture from Afr in Pop H
Variance Admixture from Afr in Pop H
10%-Quantile Admixture from Afr in Pop H
Skewness Admixture from Afr in Pop H
90%-Quantile Admixture from Afr in Pop H

1.5% 9.9% 6.0% 1.5% 18.4%
15.8% 2.0% 1.4% 4.8% 1.7%
1.8% 0.6% 6.9% 1.1% 0.1%
0.4% 9.1% 0.0% 0.0% 0.2%
1.8% 7.6% 0.9% 0.6% 0.6% 0.2%
0.9% 7.0% 2.7% 0.2% 0.9% 0.2% 0.1%
T T T T T T T
G I G G g @ &
< Q w S & g N
= S
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True model

Prior error rate = 32.41%
Model-choice error a priori = 8/9 = 88.89%
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20%-Quantile Admixture from Afr in Pop H
80%-Quantile Admixture from Afr in Pop H
Fst (Eur - Pop H)

Mode Admixture from Afr in Pop H
Kurtosis Admixture from Afr in Pop H

Fst (Afr - Pop H)

70%-Quantile Admixture from Afr in Pop H
30%-Quantile Admixture from Afr in Pop H
40%-Quantile Admixture from Afr in Pop H
50%-Quantile Admixture from Afr in Pop H
f-3 (Pop H; Afr, Eur)

60%-Quantile Admixture from Afr in Pop H
Mean ASD (Pop H)

Variance Heterozygosity (Pop H)

Mean Heterozygosity (Pop H)

Mean ASD (Eur - Pop H)

Mean ASD (Afr - Pop H)

Mean Admixture from Afr in Pop H

I I [ [ | | |
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Summary statistics importance
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Results: MetHis-ABC model-choice with Random-Forest a priori without observed data

RF-ABC Predicted model

AfrIN - EurIN —

AfrDE - EurIN —

Afr2P - EurIN

AfrIN - EurDE

AfrDE - EurDE —

Afr2P - EurDE

AfrIN - Eur2P

AfrDE - Eur2P -

Afr2P - Eur2P —

12% | 27% | 29% | 29% | 01% | 10.8% | 28% | 97% (N614%
16% | 66% | 0.8% 1.7% 1.7% 14% | 95% 17.7%
59% | 22% | 00% | 51% | 03% | 0.0% 88% | 03%
2.0% 15% | 99% | 60% | 2.0% 0.9% 1.5% | 18.4%
59% | 158% | 20% | 15.6% 4.8% 14% | 48% 1.7%
12% | 18% | 04% |1882% | 7.6% | 06% | 6.9% 11% | 041%
57% | 4.6% 18% | 04% | 91% | 00% | 00% | 02%
1.2% | 673% | 6.7% 18% | 76% | 09% | 06% | 06% | 0.2%
862% | 76% | 09% | 7.0% | 27% | 02% | 09% | 02% | 01%
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True model

50%-Quantile Admixture from Afr in Pop H
-3 (Pop H; Afr, Eur)

60%-Quantile Admixture from Afr in Pop H
Mean ASD (Pop H)

Variance Heterozygosity (Pop H)

Mean Heterozygosity (Pop H)

Mean ASD (Eur - Pop H)

Mean ASD (Afr - Pop H)

Mean Admixture from Afr in Pop H

0 1000 2000 3000 4000 5000 6000

Summary statistics importance

A MetHis-ABC Random-Forest model-choice a priori powerful to distinguish highly complex

historical admixture models

A Errors are made in the parameter-space where models are highly nested and thus

biologically similar

A MetHis-ABC Random-Forest model-choice performances are robust to reduced SNP and

Sample sets

-> ABC relies on summary-statistics informativeness rather than absolute amount of data

A Distribution of admixture fractions is highly informative for admixture history inference
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Results: MetHis-ABC complex admixture history of Barbadian (ACB) population

Model-choice 9 competing scenarios
Random Forest ABC 10,000 MetHis sims/scenario
abcrf package in R (Pudlo et al. 2016) 100,000 independent SNPs

1,000 decision trees in the forest 24 summary-statistics

Scenario Afr2P - Eur2P Scenario Afr2P - EurDE Scenario Afr2P - EuriN
Aowie v souRce ADMIX

SOURCE o SOURCE SOURCE = souRce
AR ROP!

SouURCE ADMIXED
AFRICH

ACB Admixture models Scenario AfrDE - EurDE
Post prob. AfrDE-EurDE = 0.603
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sumce  aowm  soumce = ‘ r Eur0
Qo = Afr2P - EurN i g : :
i o r. - Eur 5.'.{ 1 sEu!.1 ;
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T o I AfrDE - EuriN
'8 o
€ [ AfrIN - Eur2pP
O
o2 I
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4
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Results: MetHis-ABC complex admixture history of Barbadian (ACB) population

SOURCE ACB SOURCE

Parameter-inference e - o
Neural Network ABC N
abc package in R (Csilléry et al. 2012) R N N
Tolerance 1% (1,000 sims closest to obs.) <
4 neurons in the hidden layer o= [ G0 02 04 Gs G810
1 best scenario " Seur1
100,000 MetHis sims 581 2"
100,000 independent SNPs "o =
24 summary-statistics i ’ N T
= : ‘ : : ]*.__: O*" : ‘ : - X :
a1 8 Ugy,
DN
S| s SEur,20
o | i !:- o t‘ """"""""""
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Results: MetHis-ABC complex admixture history of Barbadian (ACB) population

SOURCE SOURCE
AFRICA ACB EUROPE

Parameter-inference ’_- 3
Neural Network ABC =y
abc package in R (Csilléry et al. 2012)

g=1

Tolerance 1% (1,000 sims closest to obs.)
4 neurons in the hidden layer o= [

00 02 04 06 08 10

1 best scenario

100,000 MetHis sims
100,000 independent SNPs
24 summary-statistics

Density
2.0
Density

1.0

0.0

Cross-validation post param error

Yo} o
. . . © Oy Ugy,
1,000 closest simulations in turn used as controlled |
pseudo-observed data for NN-ABC param inference £ g
C | C
2 1R 8
AfrDE-EurDE ACB a |
parameters Av. absolute | Mean-square Error 11
Error / Var. g 4
SAfr,0 0.2530 1.0070 00 01 02 03 04 05
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s
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2 2@
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[T} ~ A
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o ) st —fA o4 ||
0.00 0.10 0.20 0.30 0.00 0.10 0.20 0.30
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Conclusions

MetHis T RF-ABC is successful in distinguishing a priori among

competing highly complex admixture models

Admixture distribution is highly informative for ABC model

choice as expected theoretically

MetHis i NN-ABC produces accurate posterior parameter
estimation and relatively conservative 95% CI inference
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MetHis Summary

MetHis ref.
tables for
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“abcrf”

R packages
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Conclusions

Step 1. Design competing admixture models under the

I 'I two source populations version of the
O L E C U LA R E C O L O G Y Verdu and Rosenberg (2011) general admixture model,
R E S 0 U R C E S thought a priori to explain the observed data

etc.
RESOURCE ARTICLE = {3 Full Access
Complex genetic admixture histories reconstructed with
. . . Step 2. Simulate genetic data from source populations using
Approximate Bayesian Computation prefered methods and tools
N . * .
. - = 1
Cesar A. Fortes-Lima, Romain Laurent, Valentin Thouzeau, Bruno Toupance, Paul Verdu ey BT TedslDaaele e dion raferercs abie ‘/IMetH/s parameter generator too/]
_ . by drawing parameter values in prior distributions
First published: 16 January 2021 | https://doi.org/10.1111/1755-0998.13325 " Other tools
Step 4. Simulate genetic data with MetHis
. . . . . under the models designed in Step 1
Special issudachine Learning in Molecular Ecology with source populations data produced in Step2
and model parameters produced in Step 3.
Output = Simulated genetic data files
Step 5. Calculate summary statistics on each ‘/‘ bl i i aciod
. . . simulated dataset and the observed dataset
https://github.com/romadaurent/MetHis ST Sorery STaTEes Tefeene fabie “~ Other tools

corresponding to model parameter vectors
produced in Step 3 and used in Step 4.

Step 6. Approximate Bayesian Computation inference |

Random-Forest ABC with
Step 6a. ABC model-choice | R package abcrf (Pudlo et al. 2016; Raynal et al. 2019)

Output = Model designed in Step 1 best explaining\ Other ABC model-choice tools
the observed data with
associated posterior-probabilities

Step 6b. ABC posterior parameter estimation Neural-Network ABC with
for all parameters from a given model [«—|R package abc (Csilléry et al. 2012)

designed in Step 1, and simulated in Step 4 ~— . L
with model parameters from Step 3 Other ABC posterior parameter estimation tools

Output = Posterior distribution of model parameters
Fortes-Lima et al., Mol Ecol Res 2021 best explaining the observed data


https://github.com/romain-laurent/MetHis

The admixture histories of Cabo Verde
Laurent et al. Nature Communications (under revision), BioRxiv https://doi.org/10.1101/2022.04.11.487833
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