Détection de ruptures dans les données de
séquencgage

Alice Cleynen

CNRS - Université de Montpellier

5 Janvier 2017



From DNA to RNA
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Segmentation Framework

= m a partition of {1,...,n}
= n = length of profile
= K = number of segments SN
= m:{Tl,...,TKfl} '\{n//‘

= J asegment of m

» O = probability parameter of N'B
» 0= {91,...,9;{}
= ¢ = overdispersion (known)

s VJemVted Y, ~NB6,,0)



Optimization framework

Optimal segmentation in K segments ?

= Cost of a segmentation m: £(Y,m)

» To be minimized over M of cardinality M| = (;:11)

— exhaustive search intractable



Optimization framework

Optimal segmentation in K segments ?
= Cost of a segmentation m: £(Y,m)

= To be minimized over M of cardinality |[Mk| = (;:11)
— exhaustive search intractable

Under a summation assumption:

(Y|m,0) = > ((Y'|6,)

rem

— Dynamic programming algorithm (DPA) provides optimal
segmentation in O(Kn?)

DPA : Bellman (1961); Auger and Lawrence (1989)
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Optimal segmentation of {1, n} in K segments
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How it works

Optimal segmentation of {1, n} in K segments

71 T2 TK-2 TK-1 n

Optimal segmentation of {1,7x_1} last segment
in K — 1 segments



How it works (with equations)

Ck,+ = cost of optimal segmentation in k segments up to point t.
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How it works (with equations)

Ck,+ = cost of optimal segmentation in k segments up to point t.

\ /

Che = mingx_1<r<r) {qu,T + ming {5 ( Y[”l’t]) 9)} }

traditional likelihood inference

(Using summation assumption)



Choice of K 7

= Standard criteria (AIC, BIC...)
— theoretically unjustified
— asymptotic criteria
— overestimation
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Choice of K 7

= Standard criteria (AIC, BIC...)
— theoretically unjustified
— asymptotic criteria
— overestimation

= Oracle inequality on the risk of the models
— Collection of models S,
— Minimal contrast estimator §,, = arg minscs,, Y(u)
— Penalized-likelihood estimator

m = arg minme, {7(5m) + pen(m)}

R(S, gfn) <C R(S, gm(s))



Specifications

true model

s(t) = NB(0:, ¢)

collection of models
Sm={sm|VJeEm VteJ, sp(t)=NB(0,,¢)}

log-likelihood contrast

n

Y(s) ==Y logh: + Yelog(l — 6;)

t=1

Kullback-Leibler risk



Main Theorem

Let M,, be a collection of partitions constructed on a partition ms such
that there exist absolute positive constants pmin, pPmax and I satisfying:

" vt7pmin S ot S Pmax and
= VJemys|J| >T (logn)2.
Let 8> 1/2pmin. If, Ym € M,

pen(m) > B|m| (1 + 4m>2,

E [hz(s, 5m)| < Clog(n) mienjf/l {E[K(5,5m)]} + C(&,T, pmins Pmaxs B35 L)-
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Segmentation procedure
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Confidence in the segmentation

s VJeEmVte Yy ~NB(O,, ) \GD/



Confidence in the segmentation

Rigaill et.al. (2012)

= Vie{l,...,K},
0; ~ Beta(1/2,1/2)
» VJemVted Yy ~NB(b,,¢)




Confidence in the segmentation

Rigaill et.al. (2012)

= m~U(Mkg)
= Vie{l,...,K},
0; ~ Beta(1/2,1/2)
= VJemVteJ Yy ~NB(O,, o)
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Computations

P(YIK)= > P(Y,mK)= > Ck ] asP(YslJ)

meMg meMg Jem
Key point: V1 <i<j<n+1,
[Alij = ap gt POl JD) = apigg / POty POy 40741

» P(Y|K) = Ck [AR]1ns1i
(A, lar]
(AT, e

o Pl = t|Y,K) = tntl

NB with conjugate prior = exact computations; quadratic time



How it works

All segmentations of {1, n} in K segments

with last changepoint 7x_1

T2 TK—2 TK-1 n
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How it works

All segmentations of {1, n} in K segments

with last changepoint 7x_1

T2 TK—2 TK-1 n

All segmentations of {1,7x_1} last segment
in K — 1 segments

17/27



How it works (with equations)

Let P(k)1,+ = posterior probability of k segments up to point t.

P(vr1dllr +1,4])

= [, P(YI14|6) dp(0)



How it works (with equations)

Let P(k)1,+ = posterior probability of k segments up to point t.

\ /

Plk =1 x P (Y| [r 11,4])

= [, P(YI14|6) dp(0)

(Using factorability assumption)



How it works (with equations)

Let P(k)1,+ = posterior probability of k segments up to point t.

\ /

P(K)1e = Y picrarary {Pk = e x P (YU [r 4 1,4]) |

= [, P(YI14|6) dp(0)

(Using factorability assumption)
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Model for two profiles

= Series Y1 and Y? with same length n
= Respective (known) number of segments K! and K2.

= Change-points to compare: T,}l and TEZ



Model for two profiles
= Series Y1 and Y? with same length n
= Respective (known) number of segments K! and K2.
= Change-points to compare: T,}l and TEZ

_ 1 2
—>A—Tk1—7'k2

P(A =d|Y!, Y2 KL K?)
> P(riy = t| YL KYP(rh, = t — d| Y2, K?)
t

Still exact computations, quadratic time
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Framework of / profiles

Series Yifor1</¢< | —Y
Partitions m® in K¢ segments — m and K

Parameters 6° — 0

Change-points to compare: Tfe



Framework of / profiles

Series Yifor1</¢< | —Y

Partitions m® in K¢ segments — m and K

Parameters 6° — 0

Change-points to compare: Tfe

Under the product model,

n = 1 = e . I
EO {Tkl Tk,}' YlK H[ P(YK‘KZ)

» E=T{£}=1-T{F}.
P(Eg|K) ~ 1078



Confidence in the segmentation

= m~U(Mk)

= Vie{l,...,K},0; ~
Beta(1/2,1/2)
» VJemVted Yy ~NB(b,,¢)




Confidence in the segmentation

E ~ B(po)

mK,E ~ P(m|K,E)
Vie{l,...,K},0; ~
Beta(1/2,1/2)

VJemVteJ Ye~NB(O,, o)




Confidence in the segmentation

= E~ B(po)

» mK,E ~ P(mK,E)

= Vie{l,...,K},0; ~
Beta(1/2,1/2)

= VJemVted Yy ~NB(0y, )

For instance,
L] m’K,EOZU(ManmEo)
= m]K,El :U(MnyKﬁEl)

where M,k = @y M, k.



Posterior probability of Eg

1—po(K)
1—-qo(K)

P(E|Y,K) = pO(K)Q(Y, E0|K)/[pO(K)Q(Y, Eo|K) +

QO(K) QO(K) QY. E1lK)

= Q(Y, E|K) and Q(Y, E1|K)

— probabilites induced by product model

— computed exactly with probability matrices Ay
po(K)  1=po(K)

q0(K)’ 1—qo(K)
— weights induced by new model

— go(K) prior under product model; po(K) under new model

—» exact computation, and in quadratic time
— R package EBS



5 UTR 5" intron 3’ intron 3" UTR
ypd/del 8 3 ¢ &
3 g ] 3
3 H R 2
ypd/gly : g ) s
- g 3 s
sl sl — gl L_ sl
3 . :
E s s
8 . g 2
del /gly : : i
HE—— = g — - ; A Sl

25/27



3" intron

«
c
_|
X

ypd/del

ypd/gly

del/gly

P(EolY, K)

00 01 02 03 04 05 08

030

020

5" intron
. w\
|
g I
o |
g “
3 J‘\
g |
H
I
e \H\«
g I
El il
g I
|
g |
i
g M\
g |

P(ElK)=1/2

02 03 o4

01

00

00 o010 02  o0x

000 005 010 015 020 025

00 01 02 03 04 05

% 0 0 B %

00 01 02 03 o4

02 03 o4

00 o1

N
a

N



lllustration: 50 genes with 2 exons

Distribution of the posterior probability of event Ey

a) po(K)=1/2
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lllustration: 50 genes with 2 exons

Distribution of the posterior probability of event Ey

b) po(K) = 0.9 for UTRs, po(K) = 0.99 for introns
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