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[ lonynaunoHHaa reHommka

MoTuBauus: B3pbIBHOW POCT rEHETUYECKMX
OaHHbIX, AOCTYMHbIX OS1 aHanu3a, gaetT
BO3MOXXHOCTb 13y4aTb UCTOPUIO Pa3/INYHbIX
nonynsaUnm n 3BOIOLMOHHbIE MEXaHN3MbI.

Llenb: nsyyeHne nonynsymoHHON 1N 3BOJIIOLMOHHON
NCTOPUN N3 FEHETUYECKUX OAHHbIX.

OcHOBHbIe 3aaaunm:

Korga pasgensnmcb nonynauumn?

Kak MeHancs pasmep nonynaunmn?
Kak npoucxoguna murpauna?

Ha Kakue y4acTku reHoma gencresoBar
€CTECTBEHHbIN OTOOP?

KakoBa CTpyKTypa (HeogHOPOOHOCTb)
COBPEMEHHbIX Nonyaunmn?
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O yncne p-cectep B 60MbLLUON BbIGOPKE U3 NONYNALNN

PaccmoTpum gmnnnongHyto nonynauuo Panta-duiepa:
* MOKOJIEHNA He NMepeceKarTCH,

* YUCO MY>XXCKUX U XKEHCKNX 0COb6eil NOCTOSAHHO 1 paBHO N.

Rémus Nielsen
(UC Berkeley)
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Shchur V., Nielsen R. “On the number of siblings and p-th cousins in a large population sample”, Journal of

Mathematical Biology 77(5) (2018), pp. 1279-1298
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O 4yucne p-cectep B 60MbLLOU BbIOOPKE U3 nonynﬂu,mm

p-cecTpamMu Ha30BeM 0CO6EN, Y KOTOPbIX €CTb NMapa obLLMX NPeaKoB p NOKONEHN Ha3an.
p-nojsiycecTpamMm Ha3oBeM 0cobel, Y KOTOPbIX eCTb OANH OOLLVI NPeaoK p NOKONEHN Ha3an.

Hanpumep, 2-cecTpbl - 3TO 4BOKOPOAHbLIE CECTPLI, TO ECTb 0COOU, MMeloLme obLLnX 6abyLLKy 1 OeaYLKY.

PaccmoTpum Bbl6OPKY S paszmepa K ns moHoramHoun nonynaumn Panta-®uwepa. lNyctb U, - cnydanHaa sennymHa,
paBHas 4ncny ocoben B BbIOOpKe S 6e3 2-cecTep. Torga matematndeckoe oxungaHue U, paBHO

Zfizl S(K’m)(N)m'N(N— 1)(N_2)2m—2
Y S(K, m)( )m!N2m

m=1

“:(Uz) = K
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O 4yncne p-cectep B 60bLLON BbIOOPKE N3 MOMNYNALN

Teopema. [ycTb K — 4yncno ocoben B cnyv4anHoun Bblbopke S. INycTtb U, - cnyvyanHas Benm4yvHa, paBHasl Ynucny
ocoben B BbIOOpKe S 6€3 p-CcecTep, TakXKe NonasBLUMX B BbIOOPKY S, B MOHOramHon mopenn PanTta-®duwepa. V), -
aHanorn4yHasa crny4vyamHasa BennydnHa gnis p-rnonycecrtep B HeMoHoramHon moaenu. Iyctb Takxke K/N=a+0o(1) npwu

N—o. Torpa

lim == = ¢~ )a

N—=00

lim 2 = ¢~ Ha

N —>o00

Tak>xe B paboTe noJsly4eHbl siBHble BblpaXXeHus ans pacnpepenednn U, n V; n matematnyecknx oxugadmm U, n V.

Shchur V., Nielsen R. “On the number of siblings and p-th cousins in a large population sample”, Journal of

Mathematical Biology 77(5) (2018), pp. 1279-1298
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Yéunua ns 3onotoro LLTaTa

e (Golden State Killer: 6onee 150 npecTtynneHun ¢
1974 no 1986.
e Jbxozed HeaHmkeno apectoBaH B anpene 2018.




[ eHeTn4eckne 6a3bl JaHHbIX
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[ eHeTn4yeckmne n reHeanornyeckume POAOCTBEHHUKN
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PucyHok: Edge, Coop (2019) How lucky was the genetic investigation in the Golden State Killer case? biorxiv




[ eHeTn4yeckmne n reHeanornyeckume POAOCTBEHHUKN
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[ eHeTn4yeckmne n reHeanornyeckume POAOCTBEHHUKN
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Figure: Edge, Coop (2019) How lucky was the genetic investigation in the Golden State Killer case? biorxiv



i} | [ef] [ o

f_? - o a o ¢ é B S - e 0\. —— QCousins (w. >0 genomic blocks)
<] Cousins (w. >1 genomic blocks)
b —— Cousins (w. >2 genomic blocks)
< R
3 (o] é 8 0 ®
.8 o N w0 . e o
= @
£ ‘8 re) Il
c = 3
8 © _ g2 8 3 o _
£ © g 3 e °
"l F— 08)
= & S
S 5 E
< Pl <
§ 3 g 8- s 3- :
w £ % =}
s K =
> 3 g
= o _| g 8 - . o
-§ o 2 & o o
e Database size (Millions)= ! \ .
o e 1
a
o e 5 o \ \.\
S * 10 o — S L e« — @ o
T T T T T T 1 T T T T T T T T T T T 1 T T T T T
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
p (degree of cousin) p (degree of cousin) p (degree of cousin)

Figure: Edge, Coop (2019) How lucky was the genetic investigation in the Golden State Killer case? biorxiv



|1t

|

N

| |
|' ' ll | |
) y Y |

BeposaTHOCTb 0O6HapyXUTb B 601bLLUON rEHETUYECKOW 6a3e BalLLero reHETUYECKOro
POACTBEHHMKA 6nn3Ka K 1.

1 pa>xe He ogHoro!

<$> h Genetic Cousins
2 - >2 blocks
= Database size (Millions)=
'.8 (8,“ ® 1
- e 5
- > 10
2 3 -
E &
—
S
o
=
T 8 -
(o}
Q
-
g B -
o —
©
@
g g
: b
| -
$
B -
% e O
w ) ——_

o 4 e=/]——o— —~——

| | | 1 T T I .
1 2 3 4 5 6 7 8

p (degree of cousin)



How to distinguish individuals from closely related populations®?

N G win & Genotek

Aleksei Shmelev Alexander Rakitko
(HSE University) (Genotek)
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Bocnpon3seaeHne XXN3HN

* JKUn3Hb BOCMpOn3BOANTCA KOnMmMpoBaHMEM nocnenosaTtensHocten NHK
 Yenoseyeckunm reHoM COCTOUT U3 ABYX HAOOPOB XPOMOCOM (rarnsioTUnoB)
o Kaxabi rannotun nepegaeTca oT 0gHOro poauTens

o [annoTunn gBNsieTca MO3anKon NCXoOgHOro AnnaonagHoro reHomMma

Maternal
- Gamete
-_—yh GEES FE 44
Paternal



Bocnpon3seaeHne XXN3HN

OT NOKOMEHUS K MOKOJIEHNIO, B MO3anKe CTAHOBUTCSA BCE BonbLUe (hparMeHTOB.
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Figure: Graham Coop. Notes on Population Genetics



[TpepkoBbIn rpad A
pekomMbrnHaumnmn

B ocHoBe reHoma — cfio)kHas CTpyKTypa
OAHHbIX.

 Pa3sHble y4acTKM rannoTurnoB MNPOUCXOOAT
OT pa3HbIX NPEOKOB.

generations before present

PucyHok: Rasmussen et al. (2014) Genome-Wide Inference
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IBD graph and Graph Neural Networks (GNN)

Assumptions
« (C populations
 Each individual is of “pure” ancestry

IBD graph G

* Vertices are individuals

* Edges - shared IBD segments

* Weights — total length of IBD segments

“Semi-inductive” learning
* Reference graph G, — frozen
* Add a single individual to the reference G, to make prediction.




No node feature and unlabeled nodes

°o

Individual A case

Initial dataset Initial dataset

(training data) with individual A
Individual B case

Initial dataset Initial dataset

(training data) with individual B

We need to use such feature generation algorithm that saves features
of training nodes but can be generalized to new graph structure!

+
Somehow deal with nodes with no classes.




Graph based features

Neighbor count: n;. = Z 1{L; = c},

JEN;
. 1 .
Average edge weight: w; . = Z W(i,7),
i c *
’ ]G]Vz
szc
Maximum edge weight: —w;’™ = max Wii,jg),
I,=
1 2
Standard deviation of edge weights: o, = Z (W(Z, 7) — U_J?;,c) :
\ Mic %ENZ

_ 1
Average number of IBD segments: IBD,; . = — Z IBD(7,7).

_ _ T
L - - max max
X = (ni,17°'°7ni,07 Witl,..., Wiy, Oi1y---,0C, wi,l yoee sy Wy oy IBDi,17°°°7IBDi,C)



One hot features

For known labels:

For unknown labels:



East Slavs dataset

% unlabeled GNN GNN Communit
nodes (graph-based) (one-hot) sl L Detectiony

0% 0.6146 £ 0.02 0.6165 £ 0.02 0.6125 4= 0.02 0.6059 £ 0.02 0.5307 £ 0.01

1% 0.6285 4 0.01 0.6255 4= 0.01

5% 0.6500 £ 0.02 0.6467 £ 0.02

25% 0.6844+0.02  0.6672 %+ 0.01 NA

50% 0.6962 + 0.02 0.6765 £ 0.01

100% 0.7135 + 0.01 0.6825 £ 0.01




And now diving into the past




Neanderthals

 We know about them from archeological evidence.
* The first recognized fossil discovered in 1856 in Germany.
 Neanderthals lived from Atlantics to Altali.

* Are they our ancestors?
* Oris it a completely independent human branch which
we’ve never met?

Figures: CNN; ResearchGate; Natural History museum.
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Neanderthals

Until 2010 there were only controversial hypothesis.
Genomics solves this mystery.

* Ancestors of Neanderthal and anatomically modern human diverges
550-850 kya.

 They met again around 55Kkya.

* All humans of non-African origin have on average 1-3% of
Neanderthal genome.

kya = thousand years ago



Genomes of archaic humans

* Mid 80-s: first attempts to sequence ancient DNA (Cell).

» 2010 — draft of the first Neanderthal genome (Science).

» 2012 — Denisovan genome (Science)

» 2013 - the whole Altai Neanderthal genome (Nature)

» 2017 - the whole Vindija (cave in Chroatia) Neanderthal genome (Science)

» 2018 — the genome of a daughter of a Neanderthal mother and Denisovan father (Nature)
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Denisova cave, Altai Svante Paabo
Nobel Prize in medicine 2022



How to infer genome segments (tracts) of archaic origin®?

Method development Biological interpretation

L/ (4

Anna llina Leo Planche Emilia Huerta-Sanchez Linda Ongaro
(HSE University) (University Paris Saclay) (Brown University and (Trinity College Dublin)
Trinity College Dublin)



DAlseg: method for inferring archaic tracts in modern humans

Hidden Markov Model

« States: ancestries

 Emissions: bins of 1000bp summarized as tuples of the number of private variants
relatively to each reference population (outgroups or archaic)

* Three versions available:
v' single archaic introgression,

v multiple archaic introgressions,
v' joint inference of archaic and modern admixture

* Multiple outgroups
* Archaic genomes can be used as reference

/ g 1 A

Outgroup Ingroup Archaic Outgroup Ingroup Archaic

®® S ® . ©® o)X Xeo)
Modern Archaic
DAlseg: detecting archaically introgressed segments  Emission (3, 1) (1, 3)

also in Russian pawn [dai] — give (me that segment)



DAlseq: precision and recall on simulated data (single archaic introgrssion)

Precision
“f e gess
0.9 - 4 +
O
o O
a 0.8+
2
S
0-77 Neanderthal samples
B 0
B 2
0.6 - 0/ 4
£/ 6
£/ 8 O
3400 8000 16000
Neanderthal effective population size
Takeaway

Including archaic samples in the reference panel increases both precision and recall.

Recall

O
O

Neanderthal samples
& 0

oo seN

3400

8000

Neanderthal effective population size

16000
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Archaic tracts in recently admixed populations

Inference of both the archaic tracts and their modern source population

107

time ago (years)
— e b - -
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Africans

__________________________________________

Europeans

Mexicans

Native
Americans

Neanderthals

Hidden states - ancestries
European

Native American } Modern
African

Euro-Neanderthal } Archaic
NA-Neanderthal

Emissions — bins of 1000bp

tuples (1, j, k, 1) with counts
of private variants relatively to

i — Europeans

j — Native Americans

k — Africans

L — Neanderthals



Precision and recall on simulated data

Simulations were performed with msprime using parameters recommended by stdpopsim community.

Ancest Precision Recall
"y ) (sd)
0.987 0.937
Euro Neanderthal 0.015) (0.04)
Native American 0.988 0.931
Neanderthal (0.014) (0.068)

https://tskit.dev/software/msprime.html
https://popsim-consortium.github.io/



Selection on archaic component in recently admixed population

Reference panel
A

A

Mexicans

Europeans, Native Americans, Africans™

+ Neanderthals

Reference panel

Toy example
Consider the locus marked by the red dashed line

ND frequency in the reference panel 0.67
Euro-ND + NA-ND frequency in Mexicans 0.63

ND frequency in Europeans 0.77
Euro-ND frequency in the admixed population 0.8

No signal based on total ND ancestry at the locus
But there is a Euro-ND specific ancestry signal for post-
admixture positive selection

European mee————— Neanderthal within European component

Native American

1 Neanderthal within Native American component

Neanderthal

*Africans are not shown on the Figure for clarity



Selection on Euro-Neanderthal ancestry in Mexicans

We discovered selection signal in 22 genomic regions (protein-coding genes and long non-coding RNAs) using 1000
Genome Project data.

Positive selection

Chr 15: TCF12 (transcriptional regulation; craniosynostosis) and UNC13C (associated with
Autism Spectrum Disorder)

Chr 5: IL17B (Interleukin 17B, T-cell cytokine; leiomyoma and psoriasis).
Chr 2: PSMD14 (cystic fibrosis and Machado-Joseph disease, a rare neuroloaical disorder)

Chr 13: PIBF1 (pregnancy maintenance).

Negative selection

Chr 3: NEK10 (environmental stress) and SLC4A7 _ L -
(ion transport). S I S e

log1o(p)

Chr 4: TLR6 (immune system activation) - appears to
be under purifying selection.

Chr 2: POLR2D (Type 2 Diabetes Mellitus).




Anna llina Egor Lappo
(HSE University) (Stanford University)



Demographic inference for Neanderthals

Approach

For each pairwise intersection of archaic segments, one
can write down the likelihood for the divergence between
the two sequences that depends on the demographic
parameters of the Neanderthal population and admixture
fraction. We assume infinitely-many-sites mutation model
and piecewise-constant population size.

Composite likelihood for all pairwise intersections can be
used to infer Neanderthal population size at admixture.

M plgéml m—1 N tm (2/1/7')’66_2’“-
Ppois(K = k| N(t), Padmix, t) = Z ;m: H e—(ti—ti—1)/2N; XJ N T e~ (T=tm-1)/2Nm g |

m=1 i=1 tm—1

Poren = (1 — €—t1/2N1) +padmixe_t1/2N1



Demographic inference for Neanderthals

Theoretical results. Analytical expressions for distributions of coalescence time and divergence between two
iIntersecting archaic segments.

Population size history

for Neanderthal lineages PDF for pairwise coalescence time PDF for pairwise divergence
. I simulation —— simulation
| —— theor i —— theor
0.0004 Y 0430 Y
15000 -
0.125 -
N 12500 A 0.0003 0.100
n -
= o 2
= 10000 7 0
0 v © 0.075 -
o 0 0.0002 o)
o 7500 -
o
0.050 -
5000 -
0.0001 0.025 -
2500 -
J 0.000 - —
1 1 1 1 O-OOOO 1 1 I I I
0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000 0 10 20 30 40 50

Time T> Divergence



Demographic inference for Neanderthals

Inference on simulations. Assume that Neanderthals went through a bottleneck prior to admixture. Numerical
optimization of composite likelihood recovers bottleneck population size in simulations.

Population size history
for Neanderthal lineages

2500 - T
17500 -
2250 -
15000 - 5000 -
o
£
0 12500 - = 1750 1
) 8 -
S £ 1500 -
£ 10000 &
2 — 1250 -
g
7500 - 1000 - —
5000 - 750 -
500 . . . .
2500 - 1000 1250 1500 1750
T T | SImU|atEd Nadm
0 000 10000 15000 20000 25000

Time



Demographic inference for Neanderthals

Inference on multiple 1000 Genomes populations shows different bottleneck strengths for different populations.

1ze

Population s

17500 A

15000 -

12500 -

10000

7500 -

5000 -

0 :OOO 10000 15000 20000 25000

2500

Population size history
for Neanderthal lineages

/

Time

Population Inferred Naiqm
IBS 2670.30 [2650.62, 2690.84
TSI  2696.91 [2681.59, 2718.64
GBR 2669.23 [2650.30, 2689.27
FIN 3013.27 [2988.59, 3033.88
CHB 3638.00 [3617.10, 3666.16
CHS 3609.15 [3588.72, 3629.66




Demographic inference for Neanderthals

PRELIMINARY. Inference of more complicated demographic scenarios with an MCMC approach allows us to also
date the timing of the bottleneck.

3500 - —— inferred
— Simulated

W
()
()
o

N
U1
o
o

2000 -

Neanderthal population size

1500 -

1000 -

B . . . ! .
2500 5000 7500 10000 12500 15000 17500
Time




We are hiring

Mb! MLLeM mMaTemaTUKOB Ha NO3ULUU NOCT-A0KOB (Hay4yHbIX COTPYAHUKOB) U aCNNPaHTOB

[laneoreHomMmmka

[ eHOMHas aNnMgeMnonorns
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Shifis

o OBontouus npokapmoT u Crispr-Cas cuctemsl

@VLSHCHUR

vshchur@hse.ru
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