Phylomethods Fall 2006
Dating — r8s, multidistribute

Jun G. Inoue



Software of Dating

eMolecular Clock

eRelaxed Molecular Clock
» I38S
» multidistribute




r8S

Michael J. Sanderson
UC Davis

Estimation of rates and times
based on ML, smoothing, or
other methods.




Methods of r8s — 1

e | F (Langley-Fitch) “local molecular clock”

» The user must indicate for every branch in the tree
which of the parameters are associated with it
based on the biological feature (such as life
history, generation time).

o NPRS (Nonparametric Rate Smoothing)

» Relaxes the assumption of a molecular clock by
using a least squares smoothing of local estimates
of substitution rates. It relies on the observation
that closely related lineages tend to have similar

rates.




Methods of r8s - 2

e PL (Penalized likelihood)

» Combines a parametric model having a
different substitution rate on every branch with
a nonparametric roughness penalty.

» Finds the combination of (2, 7) of R and T that
obeys any constraints on node times and that
maximizes,

log(p(X|R, T)) = AP(R).




PL method

Maximize the following:

log(p(X|R, T)) = AP(R)

log likelihood penalty function

X: data ®(R) : penalty function

R: rate ) : it determines the
T: time contribution of this penalty
function




PL method

log(p(X|R, T)) — A®(R)

log likelihood  penalty function

®(R): penalty function

Penalty function Is the sum of two parts (squared):

e \/ariance among rates for those branches that are
directly attached to the root.

e Those branches that are not directly attached to the
root.

)\ : contribution of penalty function
e Cross-validation strategy selects the value of \.
e \ — small, extensive rate variation over time.
e \ — large, clock like pattern of rates.




PL method

log(p(X|R, T)) — AO(R)

log likelihood penalty function
Note: r8s does not use sequences

e Not fully evaluate when finding R and T'.

» Yields an integer-valued estimate of the number of nucleotide
substitutions that have affected the sequence on each branch
of the tree.

Integer-valued estimate for a brach as if it were a directly
observed realization from a Poisson distribution. The
mean value of the Poisson distribution is determined from R
and T by the product of the average rate and time duration of
the branch.




r8S — infile
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noded Scal Atsp;
noded Pdst Scal;

o g Naming nodes

nodel5 Comy
nodelt Mock
nodel8 Anja
nodeZl Enja
node?? Cyca g

Fixing times for some nodes

CONSTRAIN taxon=node3 max_age=450;
CONSTRAIN taxon=node? min_oge=155;
COMSTRAIN taxon=node8 min_age=141;
COMSTRAIN taxon=node3 min_age=89;

COMSTRAIN taxon=nodel? min_age=155;
CONSTRAIN taxon=nodeld min_age=112;
CONSTRAIN taxon=nodel5 min_age=97;
COMSTRAIN taxon=nodelG min_age=90;
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r8S — infile

fixage taoxon=nodel dge=45@;

taxon=node3 max_ag

taxon=node? min_age=

taxon=noded min_age=14
CONSTRAIN taxon=node9 min_oge=89;

CONSTRAIN taxon=nodel3 min_age=155; ConStralnlng tlmes tO some

COMSTRAIN taxon=nodeld min_age=112;
COMSTRAIN taxon=nodelS min_age=97; (j
COMSTRAIN taxen=nodel6 min_age=90; no eS
CONSTRAIN toxon=nodel8 min_age=50;

taxon=node2l min_age=

— —Y E 1 1 h d f

ERTIE methodr e eds . 1- stimation method ot rates
49 e — -

. and times

51
52
s3: showage;
54
ss: describe plot=chronogram;
z: describe plot=tree_description;
.
60
61
62; end;
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r8S — terminal

e8ene 91x . :
[inouel:2568ME/manuscrips/Seminar of DivTimEst] inoued ./ r8s -b —f Coe2Sb > CoezSh.ou =
r8s wersion 1.78 (compiled Dec 38 28045

[...reading file CoezShb]
[inouel:258MB/manuscrips/Seminar of DivTimEst] inouek I

Ir8s -b -f Coe29b > Coe29b.out

Infile outfile




r8S — outfile

:XaXa) | Coe29b.out
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r8S — outfile
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multidistribute

Jeffrey L. Thorne
North Carolina State University

Estimation of rates and times
using Bayesian method.

The multidistribute consists of two programs:

e estbranches estimates branch lengths and their variance-
covariance matrix.

e multidivtime estimates rates and times using Bayesian
method.




multidistribute
Flow Chart

Estimation of model parameters

Estimation of branch lengths and

their variance-covariance matrix

Estimation of rates and times
based on the Bayesian method

testseq.Genel Genel.tree

N/

Genel.ctl

basem| S===s=scececacaea=- ) ; N

Genel.out

0Genel

pami2modelinf| =eesesesssssesess s oo = » ;

modelinf.Genel
testseq.Genel ‘

f

testseq hmmcentrl.dat -—— example.tree

lestbranches| } \
out.oest.Genel

oest.Gene2 oest.Genel —p= "grep InL Gene*.out"
oest.Gene3 ‘ "grep 'FINAL LIKE' out.oes*"

N

multicntrl.dat --— example.tree

[multidivtime nuMbers| = m m m m = == > < "vi inseed"
Multidiviime| mf= === === > / \ Imultidivtime|

tree.example tree.example

node.example node.example
samp.example samp.example
ratio .example ratio .example




Posterior distribution

The Metropolis-Hastings algorithm is used to
approximate p(T, R,v|X,C).

X, T
p(T, Ry | x,0) = LI IC)

p(X |C)

. Parameter of rate autocorrelation (see next slide)
C: Constraints on node times
X: Data

Thorne and Kishino (2005)



Rate Autocorrelation

X, T,R,v|C)
p(X|C)

p(T,R,v| X,C) = P

I/ . Rate autocorrelation parameter

e v determines the prior distribution for the rates
on different branches given the internal node
times.

e High — little rate autocorrelation
Low — strong rate autocorrelation

Thorne et al (1998)



Rate Autocorrelation

® Arate Ro is sampled from the prior
distribution (gamma distribution), p(Ro).

log (R2) and log (Rg3)

A

e Normal distribution

» a mean equal to log (Ro)

» avariance equal to py x L t?
2
® So, the prior distribution of lognormal

change of rate of R5 is sampled depends on,
but will differ from, the prior distribution from
which Ro is sampled.

@ In this way, the joint probability density of the
rates at all nodes on the tree is defined for a
given value of the rate at the root node.

Thorne et al (1998)




Multilocus Data Analysis

. Gene a

e Each gene is modeled as experiencing its own independent rate
trajectory, i.e., the distributions of evolutionary rates among genes are
priori uncorrelated.

e Rates at the root node for individual genes (Rao and Rbo) are
Independent realizations from a gamma distribution.

e Two approaches for autocorrelation rate parameter v.

Va=VWb or Va% Wb.

Thorne et al (1998)



Posterior Distribution

X. T p(T, R, v|C) = p(R|T, v, C)p(T, v|C)
p(X,T, R, v|C) = p(R|T, v, C)p(T|v, C)p(v|C)

p(X|C) s >

p(T,R,v|X,C) =

p(X|T,R,v,C)p(T, R, v|C)
p(X|[C)

Value of v (and C) does — p(X‘T’ R’ L C)p( ‘T Yy O) (T‘% C)p(V’C)
not provide information (X‘C)

' R)p(RIT, v)p(T|C)p(v)
p(X|C)
)p(R|T, v)p(T|C)p(v)
p(X|C)

Blanch length

P(X| T, R) =p(X|B)

Thorne and Kishino (2005)



Posterior Distribution

Likelihood Prior distribution

Posterior distribution
X|B)p(R|T TIC
p(T, R, v X,g):p( B)p(R|T,v)p(T|C)p(v)

p(X|C)

Marginal probability of the data
Numerator

p(X | B): Likelihood approximated with a multivariate normal
distribution centered about the ML estimates of branch lengths B.

P(R | T, v): The prior distribution of rate evolution. This probability is
determined once the times T and the constant v IS determined.

P(T | C): The density p(T | C) is identical to the density p (T) up to a
proportionality constant to. The p(T) is selected on the basis of
simplicity of the Yule process.

p(v): The prior distribution for the rate change parameter.

Thorne and Kishino (2005)



Metropolis-Hastings Algorithm

p(X|B)p(R|T,v)p(T|C)p(v)
p(X|C)

—

p(T,R,v|X,C) =

—

Denominator

p(X|C) = Z / / //Posteriar Probability Density d1T'dRdv

This Is not pretty.




Metropolis-Hastings Algorithm

p(X|B)p(R|T,v)p(T|C)p(v)
p(X|C)

p(T", R,V |X) JT,R,v|T',R', V")
' BuEe e I e NN
g Hastings ratio

p(T', R, v X)  p(X|[B)p(R [T, v")p(T"| C)p(v')

p(T,R,v|X)  p(X|B)p(R|T,v)p(T|C)p(v)

p(T,R,v|X,C) =

r=min (1

e Metropolis-Hastings Algorithm is adopted to obtain an approximately
random sample from p(T, R, v | X).

e Repeating many cycles of this procedure of random proposals followed by
acceptance or rejection produces a Markov chain with a stationary
distribution that is the desired posterior distribution p(T, R, v, | X).

Thorne et al (1998)




Metropolis-Hastings Algorithm

r = min (1

p(T",R', V' | X) J(T,R,v|T',R", V')
' BuliES s e T e v M)
Hastings ratio

p(T",R',v' | X)  p(X|B)p(R'|T',v")p(T" | C)p(v')

p(T,R,v|X)  p(X|B)p(R|T,v)p(T|C)p(v)

Proposal step for v Proposal step for R
. p(R'| T, v")p(v')V/ . p(X'| B )p(R | T,V )R]
r=min |1, r=min | 1,
p(R|T,v)p(v)v p(X [B)p(R|T,v)R;

Proposal step for T “Mixing” Step
1T vYp(T)H(T, — T 1\ /
r:mm<1, p(R'| T, v")p( )(/y /o)) T:mm@’ p(R'|T',v")p(T") 1 )
p(R|T,v)p(T)(T}, — T¢) p(R|T,v)p(T) M!

Thorne et al (1998)



multidistribute

Flow Chart N/

Genel.ctl

Estimation of model parameters ~ [basem] =-=-========------ > ; N

0Genel
Genel.out

Transform baseml output files t0  Eamzmodei] =======s=smnnnnss > ;

estbranches input files

testseq.Gene1

f

testseq hmmcentrl.dat -—— example.tree

lestbranches| } \
out.oest.Genel

oest.Gene2 oest.Genel —p= "grep InL Gene*.out"
oest.Gene3 ‘ "grep 'FINAL LIKE' out.oes*"

N

multicntrl.dat --— example.tree

[multidivtime NUMDETS] m m = m = === > < "vi inseed”
multidivtime [multidivtime|

tree.example tree.example

node.example node.example
samp.example samp.example
ratio .example ratio .example




Modelinf.Genel

en6 ™ modelinf.Genel
"/MainNeo/Users/noue/ 2multidistrbute/modelinf.Gene1 " (1K - ||M) 200651176 11:29:31 AM

Bll=|e| RS |[S] sniftas | rFunx |z
Automated file generated by pamlZ2modelinf program

4 number of hmm categories

4 number of different categories of evolutionary processes
Following lines match each hmm category to the category

. of the evolutionary process it obeys

@ @

4 4

Along sequence transition probs among hmm categories follow
F84 + G5 I“O e 0.200000 @.200000 0.200000 @.200000 0.200000
0.200000 @.200000 0.200000 @.200000 0.200000

0.200000 @.200000 0.200000 @.200000 0.200000

1 0.200000 0.200000 0.200000 @.200000 Q.200000

0.200000 @.200000 0.200000 Q.200000 0.200000

Next line: Structure Frequencies (expected at first position)
0.200000 @.200000 0.200000 0.200000 0.200000

num pred'n sumcats, next lines: whichsumcat,

how many HMMcats fall in sumcat, labels of sumcats

ory, base frequencies of A G T C for category, ratioc of within to
en category substitution rate for category, rel. rate of category
.2724700 @.2465100 @.2350900 0.2459300 0.0000100 0.3481400
.2724700 @.2465100 @.2350900 0.2459300 ©.0000100 0.6354800
.2724700 @.2465100 @.2350900 0.2459300 ©.0000100 0.892c6000
.2724700 @.2465100 @.2350900 0.2459300 0.0000100 1.2140500
.2724700 @.2465100 @.2350900 0.2459300 ©.0000100 1.9097300

< —>
Base frequencies

(same values among categories)

Relative rates of categories

oOnNn RWNESWL

HBWMNEHE®OO

5 gamma categories




multidistribute

Flow Chart N/

Genel.ctl

------------------- > |\

Genel.out

testseq.Genel Genel.tree

Estimation of model parameters

0Genel

Transform baseml output files to
estbranches input files

pami2modelinf| =eesesesssssesess s oo = » ;

modelinf.Genel
testseq.Genel ‘

f

testseq hmmcentrl.dat -—— example.tree

Estimation of branch lengths and
their variance-covariance matrix

lestbranches|

oest.Gene2
oest.Gene3

[multidivtime numbers|

multidivtime

tree.example

node.example
samp.example
ratio .example

out.oest.Genel

"grep InL Gene*.out"
"grep 'FINAL LIKE' out.oes*"

tree.example

node.example
samp.example
ratio .example




oest.Genel

‘800 ™ ocest.Genel

"iMainMeoUsers/inoue Zmultidistribute/oest Gene 1" [ (8 - B 2006751176 01706 PM

Shift IS5

9018752923, (Taxon_C: @.8485269983, (Taxon_D: @.1278683832,Taxon_E: @.8163997

15 n 2.2081485461); - f Tree t0p0|09y
with branch
length

T

list of childl, child?, ..., parent follows:
2 3 4

1 4 5

@ 5 b

variance- cmrr' OnCe

4l 1553?35 I PPOR439270730 ©.0P0RR15627923 -B POBRRR1337287 -0. mmz&az
@.E'BE'B‘E'E'EEEEIN? 9.0000215627923 9.00201590188523 Q.0000008195454 -9.2000083979752
0. 000001337287 ©.0000008195454 @ 202@2eZ521712 -@.00029388076089

i 1535293 —E BE'E‘E&BB?ESEEE -0. 038327759 3. DIe0I0R6TEET 2.0098123417799 4.

§ T2611.868736 1€

variance-covariance matrix of branch lengths




multidistribute
Flow Chart

Estimation of model parameters

Transform baseml output files to
estbranches input files

Estimation of branch lengths and
their variance-covariance matrix

Estimation of rates and times
based on the Bayesian method

-----

pamli2modelinf| ===

lestbranches|

-------------- > |\

multidivtime

[multidivtime numbers| m m m = === = » / <

testseq.Genel Genel.tree

N/

Genel.ctl

0Genel
Genel.out

-------------- > |

modelinf.Genel
testseq.Genel ‘

f

testseq hmmcentrl.dat -—— example.tree

=
\ out.oest.Genel

oest.Gene2 oest.Genel

oest.Gene3 \ "grep 'FINAL LIKE' out.oes*"
W example.tree

"vi inseed"

—p= "grep InL Gene*.out"

Imultidivtime|

tree.example

node.example
samp.example
ratio .example

tree.example

node.example
samp.example
ratio .example




multicntrl.dat

'e O fe] multicntrl.dat

"MainMeo/Users/imoue/7 multidistribute/multicntrldat" ({7 - @)  2006/11/6 0:26:08 PM

Outfile of 3 genes from Bl == & &] suras <[ LFunn «[F)[e

eStbranCheS .-"* the following lines are all needed in multicntrl.dot ...
: do not add or delete lines but change entry on left of each
: line as you see fit ... */
I i { example.tree
MCMC generatlon Settlng semmmamber of genes ... FOLLOWING LIMES CONTAIN ONLY NAMES OF DATA FILES
§# oest. Genel
& oest.GeneZ
A p”orl eXpeCted tlme 3 oW . . numsamps: How many times should the Markov chain be sompled?
between tlp and root 1§ .. 3 sampfreq: How many cycles between samples of the Markov chain?
1 BRa” . .. burnin: How many cycles before the first sample of Markov chain?
.5 ... rttm: @ priori expected number of time units between tip and root
.5 ... rttmsd: standard deviation of prior for time between tip and root
- @. ... rtrate: mean of prior distribution for rote ot root node
Mean of p”Or distribution for / .87 ... rtratesd: standard deviation of prior for rate at root node
rate at root node .4 ... brownmean: mean of prior for brownian motion constant “"nu"
brownsd: std. deviation of prior for brownion motion constant "nu"
the fnllnwmg lines are all needed {i.e., do not delete them) but vou may
not want to alter entries unless you are familiar with the computer code */

Mean Of pI'IOr fOI’ aUtOCOI’I’e|ate @ ... minab: parometer for beta prior on proporticnal node depth
rate parameter V4 .1 ... newk: parameter in Markov chain proposal step

. othk: parameter in Markov chain proposal step
. thek: parameter in Markov chain proposal step
. bigtime: number higher than time units between tip and root could
be in your wildest imagination
/* the program will expect the entry below to be the number of constraints
and then the specified number of constraints should follow on
subsequent lines */
gumber of constraints on node times

Node constraints

. number of tips which are not collected at time @
. nodaota: 1 means approximote prior, @ means approximaote posterior

commonbrown: 1 if all genes have some tendency to change rate, @ otherwise
36

BF3I5/36 &) >




multidistribute

Flow Chart N/

Genel.ctl

Estimation of model parameters ~ [basem] =-=-========------ > ; N

0Genel
Genel.out

pami2modelinf| =eesesesssssesess s oo = » ;

modelinf.Genel
testseq.Genel ‘

f

testseq hmmcentrl.dat -—— example.tree

Estimation of branch lengths and >~

lestbranches|

their variance-covariance matrix l N out.oest.Genel

oest.Gene2 oest.Genel —p= "grep InL Gene*.out"
oest.Gene3 ‘ "grep 'FINAL LIKE' out.oes*"

N

multicntrl.dat --— example.tree

[multidivtime NUMbDErs| mmm mm = == > i inseed"

Estimation of rates and times [multidiviime]
based on the Bayesian method

’c tree.exampme
node.example node.example
samp.example samp.example
ratig.example ratio .exame




multidistribute — outfile

e out.Genel
summarizes posterior means of divergence times and rates,
and other information

tree.Genel
contains the tree definition of the chronogram

e ratio.Genel
contains relative probability ratios for the parameter values
sampled by MCMC

node.Genel
contains detailed information about the MCMC run

e samp.Genel
contains samples from the Markov chain: they can be useful
for exploring convergence

Rutschmann (2005)



%
T
T
T
T
T
T
o5

node.Genel

2.86657
2.33433
2.98597
3.46819
B.82850
3.91121
B.28939
4.59266

o R s B s s o s

. 20049
.21363
.24370
. 266706
.14879
.28571
.03524
.31@56

node.NotoiZ2neo

1.78258
1.95044
2.550889
3.00423
B.57414
3.42494
B.22675
4.12999
<

2.46978
2.76495
3.46187
3.97723
1.15225
4.44491
@.36495
5.19564
>

-

Node number

Posterior distribution
of divergence time

Standard deviation

95% credibility interval




tree.Genel

tree.example

Time scaled tree is shown using TreeView.




Programs for molecular clock-dating that
relax the clock assumption

Method, software

Penalized likelihood in
‘rgs’

Multidivtime

PhyBase

BEAST

Flatforms

Optimization

Input data

Model of rate evolution

Allows polytomies in
input topalogy

Handles multiple simul-
taneous calibrations

Handles multiple data-
sets with different rates

Provides error estimates

Relative speed

Unix (MacOSX), Linux

Smoothing (as in
regression analysis)

Tree with branch lengths
Value for the penalty par-
ameter

Autocorrelation betweaen
ancestral and descendant
branches
Yas (collapse option)
Yes
Mo

No {separate bootstrap-

pIng Is requirad)
Very fast

Unix {(MacOSX), Linux,
Windows

Bayesian MCMC

Tres
Seqguences

Several priors
Autocorrelation, with
rates drawn from a log-
normal distnbution

Yes
Yes
Yes
Bayesian 95% credibility

intervals
Medium

Unix {(MacOSX), Linux,
Windows

Bayesian MCMC

Tres
Sequences

Several priors
Autocorrelation, with
rates drawn from six
different distributions (see
text)

Mo

Mo
Mo
Credibility intervals must

be calculated by the user
Slow

Unix (MacOSX), Linux,
Windows, requires Java
1.4

Bayesian MCMC

Sequences
aral prig

no topology

Various models are
implemented and can be
fitted to the data

Mot applicable

Yes

Yes
Bayesian 95% credibility

intervals
Fast

Modified from Renner (2005)
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