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Hy : ultrametric tree (molecular clock)

(K — 1 constraints, K = number of leave nodes).

e

1 4

4
L1 = In P(D‘Wl, Hl) LO = In P(D‘Wo, Ho)
L1 > Ly, but is this significant?

Nested models

Likelihood ratio test: 2(L; — Lg) ~ X%K—l)

But only valid for N — o0
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Parametric bootstrapping

e Generate the null distribution using computer simulations

e Overcome the restriction to asymptotic results .

e Estimate both models from the data with ML, compute
AL = Ly — Ly.

e Simulate syntheticdata Dy, Do, ..., Dp from the constrained
model, H).

e For each synthetic‘ data.set, estimate both models with ML
and compute AL’ = L{ — L;

e From this null distribution , get the P-value :

{i|AL" > AL} =m, = P-value =m/B.
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La=mP(D[54,W4)

LB:1HP<D|SB,WB) —_— AL:LA—LB > ()

Is the difference in L between the two trees significant?
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Nonparametric bootstrapping

Chimpanzee

Human Chimpanzee

Gorilla

Gibbon Gibbon

) Human
Gorilla

Orang-utan Orang-utan

Li=1nP(D|S4, W)

Ly = P(D|Sp,wpy) — SE=la=Lip70

Resample the columns y; with replacement from the alignment D:
Dl — {y17 Y2,Y2,Y4,-- }

Dy = Y2, YL Y1y - -
D = {Y17YQ7Y37Y47°"} - . i {y2 RS }

Dp={y3,y4, Y15, ¥1,---}

Repeat the analysis on {Dy,..., D} — Bootstrap distribution {ALb}szl




Nonparametric bootstrapping

Difference significant

= AL

boot

AL




Nonparametric bootstrapping

Difference significant

= AL

boot

AL

A Difference not significant

= AL

boot

AL




Bootstrap support of clade formations

Human Chimpanzee
97.4 Gibbon
100

Gorilla
Orang-utan
Clade Probability
( Human Chimp) 0.974
(Human Chimp Gorilla) 1.0
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Frequentist statistics: Nonparametric bootstrapping
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Frequentist statistics: Parametric Bootstrapping
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Bayesian statistics

Data

Posterior probability:
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Metropolis-Hastings algorithm

e Objective: Sample from the posterior distribution
P(D|9)P(#)  P(D|0)P(0)

POID) = P(D) [ P(D|0)P(6)df

e Direct approach intractable due to [ P(D|0)P(6 )d@
e Devise a Markov chain PU*V(0;) = 5=, T(0;|0,) P (6;) that converges
in distribution to P(6|D): P"™(0) — P(4|D)

e Theorem: An ergodic Markov chain converges to its stationary distribu-
tion irrespective of its initialization .

e Stationary distribution: P(6;) = >, T'(6;|0;) P(6y)

e Design the Markov transition matrix 7(6;|0)) such that P(0|D) is the
stationary distribution.

T(0r|0;) _ P(0x|D) _ P(D|0x)P(0y)
T(0;16x) P(0:;|D)  P(DI|6;)P(6;)

e Detailed balance:
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Proof

Show that ) T(6;16;,)P (6| D) = P(6;|D)
k

Detailed balance: T (0k|04) = POy D) .

T(0;10r)  P(6;|D)

> T(6;]60;)P(6),|D) = ZT@k\Q
k

P(6;|D) ZT ek\e P(6;|D)
k
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Metropolis-Hastings algorithm

T(0r|0:;) _ P(D|0x)P(0k)
T(6;16x)  P(DI]6;)P(6;)

Transition Probability = Proposal Probability x Acceptance Probability

T(0k|0;) = q(0k|0;)a(0k|0;)

Acceptance Probabilities:

a(0r|0;) _ P(D|0k)P(0r)q(0:]6%)
a(0i|0r)  P(D]0;)P(0:)q(0]0:)

 (PDIPO)a(00)
“(6r16) = mm{ B(DI0)P(6,)q(010,) 1}
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Moves in tree space and Hastings ratio

max(x,y) Q
min(x,y) e

0 O

: Q& Q\j :s pr Q
YT
O

e 1 uniformly chosen at random from [0, ] , y uniformly chosen at random from [0, ho]
e New nodes u* and v*: distance(r, u*) = max(z,y)  distance(r,v*) = min(x, y)

max(x,y) > hl = Leave topology unchanged

° max(x,y) < hl = Choose between three possible topologies

Current tree max(z,y) | Hastings ratio
distance(v, u) > distance(v,c) | < hy 3
distance(v, u) < distance(v,c) | > hy 1/3

otherwise 1
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