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Cats and Dogs E:xample

o Consider a data set from 12 sPecies,
Closelg related to domestic cats and

G

o The alignment s the o base Pair
mitochondrial COX | gene.




Partial Alignment

Cat

Cheetah
Clouded Leopard

Snow Leopard
Leopard
Tiger

Dog

Gray Wolf
Coyote

Dhole

Red Fox
Raccoon Dog
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ATGTTCATAAACCGGTGACTATTTTCAACTAATCACAAAGATATTGGTACTCTTTACCTT. ..

ATGTTCATAATCCGCTGATTATTTTCAACTAATCATAAAGATATCGGTACTCTTTACCTC. ..
ATGTTCATAAACCGCTGACTATTTTCAACTAACCATAAAGATATTGGAACTCTTTACCTT. ..

ATGTTCATAAACCGCTGACTATTTTCAACCAATCACAAAGATATTGGAACTCTTTACCTT. ..
ATGTTCATAAACCGCTGACTATTTTCAACCAATCACAAAGATATTGGAACTCTTTACCTT. ..

ATGTTCATAAACCGCTGACTATTTTCAACCAATCACAAGGATATTGGAACTCTTTACCTT. ..
ATGTTCATTAACCGATGATTGTTCTCCACTAATCACAAGGATATTGGTACTTTATACTTA. ..

ATGTTCATTAACCGATGATTGTTCTCCACTAATCACAAGGATATTGGTACTTTATACTTA. ..
ATGTTCATTAACCGATGATTGTTCTCTACTAATCACAAAGATATTGGTACTTTATATCTA. ..

ATGTTCATTAACCGATGGTTATTCTCTACTAATCACAAAGATATTGGGACTTTGTATCTA. ..
ATGTTCATTAATCGATGATTATTCTCTACTAACCACAAAGACATCGGTACTTTATATTTG. ..

ATGTTCATTAACCGATGACTATTCTCTACTAACCACAAAGACATTGGCACTTTATATTTA. ..
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MCMC Samples
& Statisticians clevelop MCMC methods

to sample trees from the Posterior
distribution.

o The Posterior distribution of each
tol:)ologg T is estimated with its simple

relative Frequencg in this sample.
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F i

o) Dog E:xample

+ Fora gjven likelihood model, one MCMC
sample of 100,000 trees includes 229

unique trees.

s With a rooting that seParates the clog~|i|<e
and cat-like species) the Fo”owing clisplay
shows the tree and the estimated

Probability of each of its clades.

TR A ————




A Probable Tree
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MCMC Summarg

There were 229 unic]ue trees among the

100,000 samplecl trees.

s Dif

9C) of these trees were samplccl Gt c:

Lerent MCMC samples would contain

slig‘

PT’O

M y different sets of trees.

Some unsamplecl trees are much more

bable than others.
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Trees as Intersections of Clades

o The treeis equivalent to its collection of

ClaClCS.
B oo U

* However, the clades are not

indepenclent of each other.
BT R X XOP(CH)




A Less Probable Tree
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Simple Relative Frcquencies

o The most Probable tree had estimated
Probability O HHI S

o Theless Probable tree had estimated
Probability O, even though each of its
clades had aPPearecl multiple times In
the sample.
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Conditional lnclel:)enclence of

Separatecl Subtrees

+ A new alternative method to estimate
the P”obabilities of trees from MCMC

{

samples depends on the Principle of the

(al:)l:)roximate) conditional

iﬂclepenclence of separated subtrees.




g /
Tl / - \ TZ

Given e, the subtrees T, and T, are

conclitiona”g inclepenclent.
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General Principle

2

Let sl:)lit s= Al

be a Partition of the species set into

two nonemp’ty sets, A and B.

Let Ay,...,A, CA

also clenote the

sPlits all species

We say that s se

and o el and let each subset

existence of an eclge in the tree that

into itself and its complement

parates {A} from {Bj}'

Then, P (A] N

- nA_nBin b | s)

¥ P(ANnA, | 8)X P(Bn-nB, | s)

13
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Al goritinm

o The Principie of conditional inclependence of
separated subtrees leacls to an aigorithm fo

aPProximate the Probabilities of trees.
o This aPProximate Probabilitg is the Prociuct

over nontrivial clades of the conditional

Prooabilities of their subclades given the

clade.

14
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E‘xample Calculation

0.76440 e cat P(T1 )z
= e P(C2n C71C1)
0.92953 , 5_580915 - snow leopard X P(CS N C4 | 02)
C o e X P(C5 n clouded leopard | C4)
: 1.00000 e dog X P(C6 N tlgel’ I CS)
C Gii gyytw'f P(C8 n red fox | C7)
——c dhole P(C9 n raccoon dog | C8)
5 s X P(C1o n dhole | C9)
x P(C11 n coyote | C10)
100000 ~ 69393 63655 50827 92857 92857 98048 98995 . ...
X X e X X — X e X = ().3419
100000 100000 - 92953 - 64942 - 100000 - 92857 - 99953 - 98995
Coml:)are to SR estimate O0.5595
TR e e e L e e - <

15
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Calculation Details
* Fach conditional Probabilitg takes the

Form:

PCnGlCQ=PWCnGn Q)/ PICY)

» Note that P(C: n CJ n Cy) is the Probability that

the unrooted tree contains a node that

Partitions the species into three groups and

P(Cy) is the Probabilitg of an edge.




L B R i i g g Bl . e e R s i it b iy i

Unrooted Tree Version

114 P(triple spli’c )}

n e internal (T)

P s [1{ P(e&ge a1l

ee eclges (T
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Estimating Conditional Probabilities

o Take an MCMC sample of trees.

e Foreach sampiecl tree, iIncrement
counters for each clade (ecige

Partition) it contains and for each triPle

(internal node Partition).

¢ s

o Estimated conditional Probabilities are

ratios of node counts over eclge counts.

e e - SR - = e ———
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Conditional Clade Probability

Estimates for Cat Dog lreee
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Covera ge

o The sum of estimated Proba,

hilities taken

over the entire MCMC samp

le 1s an

estimate of the coverage of the sample.

* Inthe cat and clog example, the 229 trees

in the sample are estimated to represent
about 99.8 % of the total Probabilitg.




Data Set sampled trees® coverage® corr.° max. abs. diffY max CCD® max SRF'

DS 1
DS 2

DS 3
DS 4
DS 5

DS 6
DS 7
DS 8
DS 9
DS 10
DS 11

8,333
3,473
2,861
18,680
96,608
81,218
30,537
84,629

0.654
0.979
0.984
0.683

7.45 x 107°

0.187
0.749
0.021

99,209 3.70 x 10~

89,811

1.23 x 1073

99,791 1.40 x 1015

0.777
0.973
0.995
0.867
0.047
0.606
0.972
0.273
0.006
0.066
0.0003

0.02760
0.00979
0.01601
0.00598
0.00004
0.00010
0.00034
0.00010

0.01741
0.03857
0.17888
0.00762

5.64 x 1077

0.00014
0.00245
0.00005

0.00003 1.18 x 10~
0.00006 3.61 x 10°©
0.00002 1.18 x 1016

0.04407
0.03707
0.16880
0.00930
0.00004
0.00015
0.00241
0.00013
0.00003
0.00006
0.00002
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Faster Sampling

* MCMC sampling Produces highly
clepenclent samples (millions of trees
have the same information as a few

hundred from an inclepenclent samlole)

o The Posterior aPProximation IS one keg

steP to a new sampling Parac]igm.
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lmportance Sampling

I. Determine conditional clade distributions.
i Sample oilfee toloologg.
7o% SamP e branch Iengtlﬁs to com plctc the tree.

2.2 .Find the sampling Probabilitg censitg of the tree.

25 Find the (unnormalized) Posterior clensitg of
the tree.

2 4 .Give the sampled tree weight (l:)osterior/
5aml:>|ing clensitg.

25



i il iy -

e g s iy e

B R . i it it b g Ml e i R i g i

Importance Sampling (continued)

3. Take weiglﬁtecl average of samp ed trees

{

for estimates (of clade Probabi.

ities,

branch leng’ths, et. cetera).

4'.
|
!
k

t
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Importance Sampling (continued)

o |fthe incomplete stePs can be finished and if

the samPling distribution aPProximates well the

actual Posterior distribution, then inclepenclent

sampling from a comp icated high~dimensiona|

Posterior distribution will be Possible.

+ This may mean orders of magnitucle less

ComPutational etHort for E)agesian inference

with large trees.

27
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APProxi mation

o The true Posterior distribution which
sits 1N a huge Parameter space 1S
estimated to be close to one in a much

smaHer Parameter space.

28
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Number of Parameters

This table com pares 2 _; 0
the number of free . : :
Parameters for general 4 4 14
tree distributions and 104 64
distributions that 6 044 244

7 10,394 846

satis% conditional A,

inclepenclence among O 202704 8828

seParatecl subtrees. 10 34459424 27.488

s S T —

i e e S T

29
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Summarg

o The new method Provicles a means to
estimate Probabilities of rare trees much
more accuratelg than simpic sample

avelra gCS .

* Tl"lC NCW mCJEl")OCl IS one l(CH StCP N a new

Daraciigm for computation N Bagesian

Dhglogenetic inference.

TR e B T e e
- T -
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