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What can we not hope to nd out?

- Exact ancestral states (if no fossil molecules)
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What can we not hope to nd out?

- Exact ancestral states (if no fossil molecules)
- Exact past events in biogeography (if no relevant fossils)

- Whether asingle amino acid change was selected
- The precise sequence of horizontal gene transfer events
- The exact sequence of coalescent events at one locus

- The exact sequence of genome rearrangements leading to a
chromosome

All these are “Fly On The Wall” questions about what actually happened,
asopposed to questions about parameters of processes
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Can we describe uncer tainty in morpholog y or behavior?

- Currently, most people using morphological or behavioral
characters use parsimony methods

- They also code the characters discretely, which leads to the
“character coding problem”

- They have no statistical model and little way of knowing how
uncertain are their infer ences (except for some bootstr apping or
jackkni ng which assumescharacters change independently)

- |sdiscrete coding necessary? No.
- Are there statistical models for these discrete phenotypes? Yes.
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Curr ent methods for statistical tr eatment of O/1 characters

Pagel (1994) and Lewis (2001) treat such data with
A C B D

a dt

b dt
Pagel allows infer ence of whether change is correlated, on a known tree.

Lewis infers the tree, but does not allow for correlations among
characters.

Neither takes into account contr ibutions to a0/1 character from
multiple underlying loci.
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The thr eshold model

A relevant model wasinvented in 1934 by

Sewall Wright (1889-1988)
shown herein the late 1950
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The thr eshold model

A relevant model wasinvented in 1934 by

Sewall Wright (1889-1988)
shown herein the late 1950

(The story goesthat he then absent-mindedly
started to erasethe board with the guinea pig)
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The thr eshold model, applied

Sewall Wright (1934), guinea pig digit number
(from Wright's follow-up 1934 second paper)
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Brownian motion models for continuous characters

- Continuous characters change by natur al selection, genetic drift,
mutation and other population-genetic forcessuch asmigr ation.

- The rst threeof these can be modelled by Brownian motion, with
correlations among the changesin differ ent characters.

- The correlations come from
- Genetic covariation (which includes developmental and
functional correlation, and the effects of pleotr opic mutations)

- “Selective correlation” (Olaf Tedin, 1925; Sebbins, 1950) which
IS the covariation of selection pressures

The model is far from exact but is very tractable and a good starting
point for attempts to make it mor e realistic.
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We use the standar d quantitativ e genetic model

AA 2 BB 0.6 cc -1 DD 0.3 EE -0.4
P = aa 4 y+{Bb 013yt {cc 6yt {pd 033+ {Ee 03y + epvironmental
aa 7 bb -0.2 cc 6 dd 0.7 ee -0.3 >

AA Bb Cc dd Ee
Aa bb cc DD ee
aa bb CC DD Ee

aa bb Cc DD EE
Aa Bb Cc DD Ee

0.3 +

E

e

2

+

6+0.7 +
c d
C d

0.1 +0.9
B
b
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We use the standar d quantitativ e genetic model

AA 2
P = {Aa 4}+{
aa 7

AA Bb Cc dd Ee
Aa bb cc DD ee
aa bb CC DD Ee

aa bb Cc DD EE
Aa Bb Cc DD Ee

0.3 +

E

e

BB 0.6 cCc -1 DD 0.3 EE -0.4

Bb o.1}+ {CC 6}"‘ {Dd o.3}+ {Ee 0.3} ~+ gpr‘éié?”me”ta'
bb -0.2 cc 6 dd 0.7 ee -0.3 >

IR
0 2

2 + 6+0.7 + 0.1 +0.9

A C B

A C d b
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... which leads to various character values

AA 2
P = {Aa 4}+{
aa 7

AA Bb Cc dd Ee
Aa bb cc DD ee
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aa bb Cc DD EE
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... which leads to various character values
AA 2 BB 0.6 cC -1 DD 0.3 EE -04 _
P = {Aa 4 } +{Bb o.1}+ {Cc 6}"‘ {Dd o.3}+ {Ee 0.3} + ng‘é'éf”me”ta'
aa 7 bb -0.2 cC 6 dd 0.7 ee -0.3 >
AA Bb Cc dd Ee 10 Jﬂl\

Aa bb cc DD ee 88 !

0 2
aa bb CC DD Ee
aa bb Cc DD EE
Aa Bb Cc DD Ee
03+ 4 + o +0.3 -0.2 -1.0
e A c D b
e a c D b
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... which leads to various character values
AA 2 BB 0.6 cC -1 DD 0.3 EE -04 _
P = {Aa 4 } +{Bb o.1}+ {Cc 6}"‘ {Dd o.3}+ {Ee 0.3} + efvironmental
aa 7 bb -0.2 cc 6 dd 0.7 ee -0.3 >
AA Bb Cc dd Ee 10 /%\

Aa bb cc DD ee 88 C') ,
aa bb CC DD Ee 6.5

aa bb Cc DD EE
Aa Bb Cc DD Ee

03+ 7 + -1+03 + -0.2 +0.1

e a C D b

E a C D b
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... which leads to various character values
AA 2 BB 0.6 cC -1 DD 0.3 EE -04 _
P = {Aa 4 } +{Bb o.1}+ {CC 6}"‘ {Dd o.3}+ {Ee 0.3} + efvironmental
aa 7 bb -0.2 cc 6 dd 0.7 ee -0.3 >
AA Bb Cc dd Ee 10 A

Aa bb cc DD ee 88 C') ,
aa bb CC DD Ee 6.5
aa bb Cc DD EE 12.2
Aa Bb Cc DD Ee
04+ 7T + o +0.3 -0.2 -0.5
E a c D b
= a C D b
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... which leads to various character values
AA 2 BB 0.6 cC -1 DD 0.3 EE -04 _
P = {Aa 4 } +{Bb o.1}+ {CC 6}"‘ {Dd o.3}+ {Ee 0.3} + efvironmental
aa 7 bb -0.2 cc 6 dd 0.7 ee -0.3 >
AA Bb Cc dd Ee 10 A

Aa bb cc DD ee 8.8 C') ,
aa bb CC DD Ee 6.5
aa bb Cc DD EE 12.2
Aa Bb Cc DD Ee 8.9
03+ 4 + 6 +0.3 + 0.1 -1.8
= A c D b
= a C D B
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... then we apply athr eshold of 9

AA 2
P = {Aa 4}+{
aa 7

AA Bb Cc dd Ee
Aa bb cc DD ee
aa bb CC DD Ee

aa bb Cc DD EE
Aa Bb Cc DD Ee

0.3 +

E

e

A4

BB 0.6 -
Bb o.1}+ { }+ {
bb -0.2 cc 6
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8.8
6.5
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+

CC
Cc
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S r»r O O B

DD 0.3 EE -04
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e

0.1 -1.8
b
B
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The thr eshold model

The threshold model (Wright, 1934; Falconer, 1965), plus Brownian motion

state O state 1

"liability" (unobserved)
Advantages:

1. Predicts polymorphism as a lineage crosses the threshold
2. Soon after the threshold is crossed, one is more likely to revert. Less later.

3. Can allow covariation of characters
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The thr eshold model on atree

3.154

3.473

0.000 5.345

2.433

-4.983
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Computing the likelihood

With two species, one character:

Disadvantages:

Quite hard to compute likelihoods: need to compute areain acorner of a
correlated multiv ariate nor mal distribution.

With 5 species, one character:

T PRI,

0 0 1 0 0

- (X1 X25 X35 Xa5 X5 ] Tree) dxg dxp dxg dxy dxs
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MCMC on liabilities

(1) (1) (1) (0) (0)

203 164 057

169

081

0.23
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MCMC on liabilities: result of Gibbs sampling

Gibbs sampler for internal node values

(1) @ (0) (0)
A B C
2. 03 1 64 0.57 -1 4 -0

148

-O AL
O 81

0.23
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An example
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An example
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A simulated example, with its tr ue tree

A A [ T T T T T T T T T T I 1 T 11 T T
(| |m| Jm] |mjm] | | [euiss) esims) | | [ejesiseies] | ] [mfms) | (i | jm| | | [+ | | [m6{eesiesie] | |

< < < < < < < < < < < < < < < < <
o238 +-oz2><38Sa0n-%yx3ac O w x d o $5335330d8-2z>28E& fanS$20fugasdz

AT i
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A (very) small-scale simulation

True covariance matr ix

1 0.8 0
0.8 164 -0.6
0O -06 1.36

With 50 specieson the given tree:

For the same simulated data set
Run 1 Run 2

1.70072 1.39356 0.39289 1.68167 1.40056 0.40495
1.39356 1.65104 0.20923 1.40056 1.67836 0.23021
0.39289 0.20923 1.08066 0.40495 0.23021 1.09550
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Continuous characters too? Both?

- We could do this for continuous characters too by assuming the tip
liabilities are observed and don't change
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Continuous characters too? Both?

We could do this for continuous characters too by assuming the tip
liabilities are observed and don't change

Then we could estimate covariances.

This would be a noisier version of what we can do exactly already,
sothereis no point to it, right?

But ... we could do both discrete and continuous characters
together in this way, with almost no extra effort.
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When the treeis noisy : Propagating bootstrap sampling

morphological
data

molecular
dataset
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Propagating bootstrap sampling

morphological
data

Covs 1
—_—
bootstrap
sample 1
molecular
dataset
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Propagating bootstrap sampling

morphological
data —— |Covs 1 Covs 2
D ——

I

bootstrap bootstrap

sample 1 sample 2
molecular
dataset
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Propagating bootstrap sampling

morphological
data

D ——
— | Covs 1 Covs 2 Covs 3
D ——

e

bootstrap
sample 1

bootstrap
sample 2

bootstrap
sample 3

N1

molecular
dataset
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Propagating bootstrap sampling

e
morphological - s
data — |Covs 1 Covs 2 Covs 3 Covs100
D ——

[

|

bootstrap bootstrap bootstrap e o o |Dootstrap
sample 1 sample 2 sample 3 sample 100
molecular
dataset
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morphological
data

A Bayesian model

prior on

covariances

prior on

-
Covs
-
molecular
dataset

\[o]

trees
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morphological
data

Bayesian MCMC

- prior on
Covs covariances
- prior on
trees

Y

molecular
dataset
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Using fossils sensibly

morphology morphology molecular
(palaeontology) (neontology) seguences

Tree
(neo)

Infer tree of present-day speciesfrom molecular sequences

Not The Fly On The Wall: { p.54/84



Using fossils sensibly

morphology morphology molecular
(palaeontology) (neontology) seguences
Cov

AN

Tree
(neo)

Infer covariances of morphology using it, present-day species
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Using fossils sensibly

morphology morphology molecular
(palaeontology) (neontology) sequences
Cov
Tree© Tree
Oo/ ~ (neo)

Infer placement of fossil speciesusing their data
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Using fossils sensibly

Y.

- ® Time

Likelihood —=

Usefossil and present-day morphology , covariances, tree,
also stratigraphic models
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Using fossils sensibly
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Likelihood —=
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Physical Anthr opolog y —curr ent methodolog y?

(An outsider's caricatur e)

= FIind one bone
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Physical Anthr opolog y —curr ent methodolog y?

(An outsider's caricatur e)

Find one bone
Hold a pressconference

Announce that this is anew genus
Announce that it nally solvesall the problems of human evolution
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Physical Anthr opolog y —curr ent methodolog y?

(An outsider's caricatur e)

Find one bone
Hold a pressconference

Announce that this is anew genus
Announce that it nally solvesall the problems of human evolution

This createspressure for splitting species, ignor ing within-species
variation, and overinterpr eting data.
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Then: the impor tance of (beta) classi cation!

Phenotypic Data

Classification

Systematist's Intuition
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Then: the impor tance of (beta) classi cation!
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[
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[
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Then: the impor tance of (beta) classi cation!

Phenotypic Data More phenotypic data
\ \ \
\
\
\
\
\ ? N Biological
Tree =————< Classification — Conclusion

—_—_——
?

d
[
I
[
[
I
[

Systematist's Intuition
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Now: the impor tance of (beta) classi cation?

Molecular Data

Tree— Classification

f

Model
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Futur e?the unimpor tance of (beta) classi cation

Molecular Data Phenotypic data

™~

Biological
Tree \/-» Conclusion

Model
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“B ut you need names to be able to talk about organisms!”

Yes, but ...

- Why then do we need names that describe nono verlapping sets?
= Why requir e monophyly?

- In short, does the need for names specify that we must have a
hierarchical classi cation?
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What would Julian Huxley have thought?

Julian Huxley as Fellow of New College, Oxford, 1922
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What would Julian Huxley have ordered?

The Sr dulian Huxley, 152-154 Addington Road, Selsdon, Surrey
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References for the thr eshold method

Wright, S.1934. An analysis of variability in number of digits in an inbr ed
strain of guinea pigs. Genetics19: 506-536.[The threshold model for
discrete traits]

Falconer, D. S.1965. The inher itance of liability to certain diseases
estimated from the incidence among relatives. Annals of Human
Genetics29: 51-76. [Threshold model applied to human diseases]

Lewis, P O. 2001. A likelihood approach to estimating phylogeny from
discrete morphological character data. Systematic Biology 50: 913-925.
[Uses 0/1 stochastic pro cessto infer morphological phylogenies]

Pagel, M. 1994. Detecting correlated evolution on phylogenies: A general
method for the compar ative analysis of discrete characters. Proceedings
of the Royal Scciety of London Series B Biological Scienes. 255: 37-45.
[0/1 stochastic model for discrete characters]

Felsenstein, J.2005. Using the quantitativ e genetic thr eshold model for
Infer ences between and within species. Philosophical Transactions of the
Royal Saciety of London, seriesB 360: 1427-1434.[This pro ject in a
slightly earlier version]
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How it was done

This presentation was prepared using freeware:

- LaTeX (mathematical typesetting and PDF preparation)

- prosper classfor projection slides

- ldraw (drawing program to modify plots and draw gur es)

- dvips to prepare Postscript le

= ps2pdf to turn this into a PDF

- Adobe Acrobat Reader (to display the PDF in full-scr een mode)
- Linux (operating system)
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