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which genomic statistics will
best help us infer the
demographic model?
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Types of genomic statistics
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-based statistics

within-population between-populations
nucleotide diversity nucleotide divergence
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Tournebize et al. (2022) PLoS Genetics
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Genealogy-based statistics

coalescence times
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Genealogy-based statistics

lengths of the identity-by-descent [IBD] segments

very informative about recent events
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Study by simulations

2,500 simulations canstant
of two models

inference in ABC with random forests

using coalescent
theory .
sampling >

Fragmentation
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Detection power
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Detection conundrum
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Population genetics may need to be
complemented with demographic studies
to detect recent & weak fragmentation






Estimation power
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Genomic statistics have
power to estimate the parameters of
recent & ancient fragmentation



Population genetics:
likely to underestimate fragmentation
prevalence

Genomic statistics:
useful to infer fragmentation parameters

Thank you for your attention!
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Appendix



ASCEND: Allele Sharing Correlation

proxy of the IBD segment length distribution

mean correlation

genefic distance (cM)
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Estimation power

limited power to
estimate

recent T
f
& extreme f

" [linR:0.69
log R: 0.66
c |linN:51.95

 [linR:0.27
log R: 0.64

lin N: 346.35
¢ [log N: 135.15

«— less intense

<«——— Mmorerecent

30



Tec.61th.range
Te.61th.max
Tc.76th.range
Tc.71th.range
Tc.81th.range
Te.71th.max
Tc.66th.range
Tc.91th.range
Te.66th.max
Te.31th.sd
Te.1th.sd
Te.21th.cv
Tc.81th.max
Tc.86th.range
IICR.d.k1.t719

Tk.1.30.mean
Tk.1.30.sd
Tk.1.30.max
Tk.1.29.mean
Tk.1.29.sd
IICR.p1.k30.168
Tk.1.30.range
Tk.1.25.mean
IICR.p1.k30.154
Tk.1.26.mean
IICR.p1.k30.t42
Tk.1.24.mean
Tk.1.25.sd
Tk.1.28.mean
Tk.1.27.mean

715x

617x

610x

447x

' 156X
'

'
L BESEY
'

J— 11 4x
I_SGX
I_B4x

‘-72)(

(‘) 250

500 750 1000

! 41902x
'
25422x

— 14114x

'
— 13187x

|
I— 6607x
|

I 213x
1

J— 5631

|

J— 15 7x

|

— 151
—797x

I

- 2347x

IF 2326x

:- 2204x

:- 1959x

- 1948x

i

0 10000

20000 30000 40000

Tc.1th.min ! 475x Tk.0.30.mean
ICR.AK1.(33 |  em—ox Tk.0.30.sd
IICR.A.K1.126{ —ix Tk.0.30.max
IICR.d.k1.t13 '_m Tk.0.29.mean
ICRAKI.(21] wemm—si ICR.p0.k30.t42
IICR.d k1.t16 — 50x Tk.0.29.sd

IICR.d.k1.18{ | 1sx Tk.0.30.range
IICR.d.k1.t42 '—Mx Tk.0.25.mean
Tc.1th.mean :—34x Tk.0.27.mean

IICR.d.k1.t5 :—zsx Tk.0.26.mean
IICR.d.k1.168] Jmm2sx 1ICR.p0.k30.t54
IICR.d k1.t86 i-m Tk.0.26.sd

ICRA.K1.1109] wmz2x IICR.p0.k30.133
ICRA.K1.t138] w20 Tk.0.24.mean
IICR.dKk1.t67 Jmi7x Tk.0.27.sd
B 100 200 300 400 500
IBD.AGS.between.NRMSD : 84x Tc.1th.cv

IBD.IBD.between.NRMSD . 78 Te.1th.min

IBD.AGS between.t{ | — Tc.6th.cv
ascend.mean.cor.bg.NRMSD '_46)( Te.11th.cv
IBD.IBD.between.t :—Nx Te.1th.skewness
Te.1th.min :_zzx IICR.d.k1.168
ascend.mean.cor.bg.t{ |—m 0 Te.1th.kurtosis
Te.1th.mean '—Zﬂx IICR.d k1.18
Te.th.ov{ e IICR.d.k1.t109
To.571th.ov| i 1ix IICR.d.k1.186
Te.6th.min{ e 10x IICR.d.k1.t33
Tc.576th.cv l_ax IICR.d.k1.t42
Te.551th.ov{ wemex IICR.d.k1.t5
Tc.6th.cv :-7x Tc.91th.range
Tc.541th.cv’ jmm7x IICR.d.k1.t138

6 25 50 75

'
29509x

16467x
'

_ 11755x

[—7943x

'
' 537 7x
'

I_ 3380x
h

J— 544

.

J— 465

]

541X
h
|
- 1338¢
|
- 13230
\
- 1233x

:-1‘99x
I-1093x
.h|028x
(.) 10000

' 277x
.

20000 30000

s

200 300

31



