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Modelos de evolucao fenotipica de
caracteres continuos e categoricos

PGLS



Pratica

* Introducao ao R
* Importacao e manipulacao de dados
* Importacao e manipulacao de # formatos de filogenias

* Timetree.org

* Phyndr

* Phylotargeting
* rotl

* Rphylopars
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The analytical core of comparative analysis

Microevolutionary Forces:
selection

random genetic drift
environmental change
etc...
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Fig. 1. An illustration of our basic model for translating between microevolutionary forces acting on a short time scale and the
macroevolutionary pattern observed in a set of comparative data.




Mechanisms (selection,
drift, mutations...)

Evolutionary models

Interspecific data

Phylogenetic Signal, Evolutionary Process, and Rate

LiaM J. REVELL,' LUKE ]. HARMON,? AND DAVID C. COLLAR'

! Department of Organismic and Evolutionary B fversity, Cambridge, Massachusetts 02138
)

The path from evolutionary mechanisms
(selection, drift, mutation and so on) to
interspecific variation is a conceptual
idea, but it may be hard (or even
impossible) to reverse it and actually
recover such processes from empirical
data...




Modelos de evolucao fenotipica

* Movimento Browniano (BM) => Muitos métodos usam este modelo. Tratabilidade analitica
e Early Burst (EB) =>Incorpora a idéia de Radiagio adaptativa

* Trend => Incorpora a idéia de tendéncia vista em fosseis

* Ornstein-Uhlenbeck (OU) => |[ncorpora a idéia de restrigdes em evolugao



Movimento Browniano

* O que é o Movimento Browniano?

* Quando caracteres evoluem de forma parecida com o Movimento
Browniano?

* Simulando BM em filogenias



ariio de polen|

moléculas de agua |

Robert Brown, botanico



Movimento Browniano

* Modelo para a evolucao de caracteres continuos
e Seguindo um random walk

* Estados de caracter mudam continuamente ao longo do tempo
* Processo estocastico de tempo continuo

* Depois de um tempo e multiplas simulacdes, o estado do caracter
seguem uma distribuicao normal



Phylogenetic Analysis

‘Models and Estimation Procedures

L. L. CAVALLI-SFORZA AND A. W. F. EDWARDS*

AMERICAN JoURNAL OF HumMmaN GENETICS, VoL. 19, No. 3, PArT I (MaY), 1967



..mas whattahell € um processo estocastico de tempo
continuo?

Processo Estocastico
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...mas whattahell € um processo estocastico de tempo

continuo?
©
=
o
7]
. Mas a distribuicao de
£ probabilidade de um
3 conjunto de curvas é
conhecida (aprox. distribuicao
O resultado de cada normal) e permite predizer

eventos futuros

jogada individual é
imprevisivel
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Movimento Browniano

 Dois parametros => valor inicial (8) e taxa de mudanca (o?)

* Trés fatos descrevem um BM (Processo de Wiener)
* W(t) é o valor do caracter no tempo t. Logo:

E[W(t)]=W(0)

Incrementos (passos sucessivos) sao independentes ("pouca memoria”)

W(t)~N(W(0), o?t)

Traduzindo: o valor do caracter W no tempo t é aproximado pela distribuicao normal
com média O (standard normal distribution) e variancia igual a taxa de mudanca no
tempo t



dX(t)=odB(t)



=odB(t)

Quantidade de mudanca no caracter X
entre o tempo do tempo t para t + dt



dX(t)=odB(t)

N\

Descreve o “random walk” na variavel,
gue se aproxima de uma distribuicao
normal com média O e variancia dt
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A=0.0=1

Butler & King 2004



variance increases with time
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Var(X) = o° * time



Quando a evolucao é descrita por BM?
* Deriva genética
 Mudanca pontuada aleatoria
* Quando a selecao é fraca em relacao a escala de tempo considerada

* Quando selecao muda de direcao aleatoriamente ao longo do tempo



Como a filogenia influencia a evolucao de
fenotipos sob um processo BM?

O parentesco comum aumenta ou diminui a similaridade entre espécies em termos
de fendtipo?



... Mas antes, vamos entender o que € uma matriz
de distancia filogenética (patristica) e de variancia-
covariancia



Matriz de distancia patristica
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2.0
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Matriz de variancia-covariancia
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Matriz de variancia-covariancia
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Matriz de variancia-covariancia

var(species1)=0.18+1.06+0.20=1.44
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Matriz de variancia-covariancia
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Matriz de variancia-covariancia
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Matriz de variancia-covariancia
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Matriz de variancia-covariancia
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A mesma filogenia
pode gerar diferentes
matrizes VCV

!

Modelos evolutivos
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Como a filogenia influencia a evolucao de
fenotipos sob um processo BM?

O parentesco comum aumenta ou diminui a similaridade entre espécies em termos
de fendtipo?



i 100 time-steps

100 time-steps
/ . 50time-steps
_"_’/_-—-‘-”— - D PoBs > B

\ 50 time-steps

100 time-steps

50 time-steps

50 time-steps

200 400 600 800 1000 1200
time

Here we assumed that Here species are

species are INDEPENDENT PHYLOGENETICALLY
(the started all at the root) STRUCTURED




Simulando um processo BM

* Sortear valores de uma distribuicao normal
 Variancia depende do g% e t

* Valores dos ramos adjacentes sao adicionados da raiz para os tips da
filogenia



|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values



|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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0.0
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|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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2. Draw random
normal deviate for
each branch
3.Add along path
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values
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|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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-0.1+0.9 =0.8

|.Set root state

2. Draw random
normal deviate for
each branch
3.Add along path
from root to each
tip to get tip
values
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0.0

0.4

-0.1+0.9 =0.8

|.Set root state

2. Draw random
normal deviate for
-1.7 each branch
3.Add along path
from root to each
tip to get tip
values
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0.0
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-0.1+0.9 =0.8

|.Set root state

2. Draw random

normal deviate for

-1.7 each branch
3.Add along path

7 4 from root to each
tip to get tip
values
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|.Set root state

2. Draw random

normal deviate for

-1.7 each branch
3.Add along path

7 4 from root to each
tip to get tip
values
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shared ancestry creates
covariation across tips
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Ornstein-Uhlenbeck (OU)

e Captura a idéia de evolucao estabilizadora
* Valor de um caracter continuo tem uma tendéncia a se mover para um valor
médio
* Movimento Browniano com um "salto”
* Tem 3 parametros
 Valor inicial (0)
e Taxa (0?)
e Parametro de restricao (a)



Ornstein-Uhlenbeck

IV . -
Leonard Ornstein George Uhlenbeck

* Physics-based model of Brownian motion under friction
* also referred to as mean reverting

e can be modeled with attraction to a different mean than
the starting state

species evolving towards adaptive peaks
that may impose limits on trait diversification




Ornstein-Uhlenbeck
(OU)

adXpy = q[O - Xplat + cdBy



Ornstein-Uhlenbeck
(OU)

aXm = a[O - Xplat + cdBp



Ornstein-Uhlenbeck
(OU)

dXw = a[O - Xp]di + odB



Ornstein-Uhlenbeck
(OU)

dX(t) — (]_[.. - X(t)]dt + UdB(t)
T

optimal value



Ornstein-Uhlenbeck
(OU)

dX@p = a[O - Xpldt + 0dBp

pull towards “optimum” /



Ornstein-Uhlenbeck
(OU)

aXm = a |at + odBy

Quanto maior a distancia entre > Maior o “puxao”
valor do trait e o 6timo em direcdao ao 6timo



Ornstein-Uhlenbeck
(OU)

aXmy =0 + 0dBy

when alpha is 0, OU
becomes BM



alpha0.4sigma0.05thetal], 1]

OU evolution

alpha 0.4 sigma=0.05

20 40 60 80 100
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Trait Value
05 0

0=1,a=01,0=0.01

&0
Time

20

0.0

6=2,0=01,0=0.01
Time
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2.0

10

Trait Value

05

0.0

dXy =

0=1,a=0.1,0=0.01

20 40 &0 80

Time

100

20

0.8

[9 =n X(t)]dt e GdB(t)

6=1,a=0.8,0=0.01

0

20 40 &0 a0

Time

100

Stronger o the more quickly the optima is
reached and the lower variance
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Trait Value

0.5

20

0.0

aXq

Ot[e = X(t)]dt + dB(t)

0=1,a0=0.1, o= 0.01

20 40 €0 80

Time

100

2.0

15

0.0

0=1,a=01,0=0.1

40 80 a0

Time

T
100

Higher o the greater the variance
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Butler & King 2004
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Early Burst (EB)

* Taxa de evolucao desacelera com o tempo
* Maior taxa é na raiz da filogenia (valor inicial)

* Corresponde a idéia de radiacao adaptativa

* Espera-se que linhagens que entram em novas zonas adaptativas
diversifiguem rapido

e Taxas diminuem a medida que nichos sao preenchidos

 Descrito por 3 parametros:

L Sij IS __
 Valor inicial (0) o g 2 rt . €
* Taxa inicial (6%,) v’] — /(; 0p€ dt = O ( r '

e Taxa de mudanca (r)

-




MIOCENE RECENT

. ,. - . . : .. .' . ..-' .t . Pg“g“‘n’
el i T —~~-Submarine
Sl == - - Flight
. .'.: :' : ..o. .“. : : ". —-’:—‘.‘ Aeﬁa'
...... et e — & Submarine
; : . Flight
re A hd . , earara ] > bl \
o— } Aquatic
}Tcrrcstrial'
. — )

Aerial
Flight:

F1G. 31. Grid diagram of the theory of penguin evolution proposed in this paper.

George Gaylord Simpson

79



ORIGINAL ARTICLE

doi:10.1111/].1558-5646.2010.01025.x

EARLY BURSTS OF BODY SIZE AND SHAPE
EVOLUTION ARE RARE IN COMPARATIVE
DATA

Luke J. Harmon, 23 Jonathan B. Losos,? T. Jonathan Davies,® Rosemary G. Gillespie,? John L. Gittleman,’

Evolution, 57(4), 2003, pp. 717-745

TESTING FOR PHYLOGENETIC SIGNAL IN COMPARATIVE DATA:

BEHAVIORAL TRAITS ARE MORE LABILE W. Bryan Jennings,® Kenneth H. Kozak,® Mark A. McPeek,® Franck Moreno-Roark,' Thomas J. Near,"?
Andy Purvis,’ Robert E. Ricklefs,’ Dolph Schluter,2 James A. Schulte II,'"! Ole Seehausen,1%:16
SmMON P. BLOMBERG,! THEODORE GARLAND, JrR.,!2 AND ANTHONY R. IVES34 Brian L. Sidlauskas,'”-® Omar Torres-Carvajal,'® Jason T. Weir,2 and Arne ©. Mooers?®

© 2010 The Author(s). Journal compilation © 2010 The Society for the Study of Evolution.
2385 Evolution 64-8 2385-2396

Early burst Late burst

increases (accelerates, AC) or decreases (decelerates, DC) in
rate over time. The covariance relationship among the char-
acters can be represented by the formulae:

— o (rit7;)
VX, = 1 fg_l ~o2 and (8a)
COV{X,‘, Xj} = ']i_:i:;_‘:(f%. (8b)
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Brownian motion (null)  Single peak OU Early burst

Body size Body size Body size
[ i ]
(I [E— 1
[ U
i U

@ Amount of variation in the whole clade

@ Amount of variation within subclades

Harmon et al. (2010) - Evolution
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Movimento Browniano com tendéncia (Trend)

* Incorpora a idéia de mudanca

tendenciada do fendtipo (atributos) ao longo do tempo
* Regra de Cope => aumento do tamanho
de corpo ao longo do tempo
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Trend

Species within lineages tend to
get bigger over time (Cope’s
rule

(After MacFadden 1986.)

Body mass (kg)

Adclophthalmidac

Merychippus

W

Mesohippus .’ s

o* Nanmppus
ﬁ Hyracothermm ﬁ'

L l | 1

60 55 50 45 40 35 30 25 20
Million years ago

Futuyma 1998 Lamsdell and Braddy 2009




2%og 10(Bayes Factor)

40 05 00 05 10 15

usually need fossils to
detect trends

1rend
w el ’
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proportion fossils
sambpled
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BM with trend

rate

dX¢ = odbB

/ \

normal
distribution where
mean =t"* |

trait increases
when u >0,
decreases when
H<O
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Trait

-100 -50 0 50 100 150

-150

BM with trend

20 40 60

Time
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trend
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under Trend, the variance increases through time
as with BM but the expected trait value does not
stay the same

trait values for variance-covariance
species matrix * rate

ex\pﬁ§;x - ~ E(X)]

&

-

>

log(L) = log

V2wV X det(V)

expected value is a function of:

|. the starting state,

2. the strength of the trend,
3. the direction of the trend




Como comparar o ajuste
de modelos aos dados?



All models are wrong, but some are
useful.

I Ge.&/zge.. E P Box —

AZ QUOTES




Brian O'Meara 'odl Seguindo
Ziomearabrian

@mbutler808: "Don't invest all your hopes and
dreams in a single model -- it's a freakin' model!”
#quantT T

& Ver traducao

RETWEET CURTIDAS . n .
1 2 <

14:33 - 10 de ago de 2016

4~ te 1 ¥ 2
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Akaike Information Criterion

Compete models with
each other

All models are wrong

Choose the model that
is the most efficient
approximation of the
truth




AlC penalizes the likelihood by the number of extra

parameters
AIC = 2k -2In(L)
+
AICc = AIC +2Xt])

n-l¢- |







Example: Anolis lizards

Lizards on Caribbean
islands

Phylogenetic and body
size data for 73 species

(out of ~140 total)

Anolis baleatus
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Model

Parameter
estimates

InL

Akaike
weight

BM

o02=0.004

-18.2

0.58

EB

-18.1

0.2

OuU

-18.2

0.22
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Body size

Pouca suporte para

modelos EB para - -

tamanho de corpo em - = a oo
geral, mesmo em i =
exemplos CIéSSICOS de _ 123 453567 8 9101112131415 16 171819202122 23 2425 26 27 28 29 30 31 32 33;35 36 3738;40 4142434445456 47 48 48

radiacao adaptativa

Body shape

J O

Harmon et al. (2010) - Evolution




® “Adaptive radiation”
pattern very rare in
this data set

i | il |||I|||.

il i

® Constraints dominate I || LT i'i
over long time ‘||H I ‘I | o ” ||
ik

periods

® Brownian motion is
sometimes a poor fit
to real data




Thamnophilidae
Rhinolophoidea+allies
Columbidae

00000

Sphaerodactylidae |

Ranoidea '.)
Gekkonidae Il

Boidae+allies Check for
Elapidae updates
Picidae e

Holocentridae

Ramphastidae
Xenodontinae

Pulsed evolution shaped modern vertebrate body sizes

Clupeiformes

Atheriniformes

Liolgemidae bcl

Hatistm Michael J. Landis® and Joshua G. Schraiber™

Percomorphaceae

Accipitridae

;smazidael aDepartment of Ecology and Evolutionary Biology, Yale University, New Haven, CT 06520; "Department of Biology, Temple University, Philadelphia, PA
alistidae

19122; and “Institute for Genomics and Evolutionary Medicine, Temple University, Philadelphia, PA 19122

Noctiolionoidea
Phrynosomatidae
Labridae
Dactyloidae

!

Edited by Neil H. Shubin, The University of Chicago, Chicago, IL, and approved October 6, 2017 (received for review June 18, 2017)

(S TI VIS

Diplodactylidae
Lygosominae Il
Vespertilionidae
Chaetodontidae
Scolopaci
Hyloidea |
Procellariidae
Anatinae
Cucuildae
Pomacentridae
Tropiduridae
Cetacea
Lamprophiidae
Etheostoma
Hyloidea Il
Agamidae
Loricariinae
Lari
Lygosominae |
Colubrinae

The relative importance of different modes of evolution in shap-
ing phenotypic diversity remains a hotly debated question. Fos-
sil data suggest that stasis may be a common mode of evolu-
tion, while modern data suggest some lineages experience very
fast rates of evolution. One way to reconcile these observations
is to imagine that evolution proceeds in pulses, rather than in
increments, on geological timescales. To test this hypothesis, we
developed a maximum-likelihood framework for fitting Lévy pro-

Strigidae

Bovdae cesses to comparative morphological data. This class of stochastic
Gekkonidae | - .

Caudta processes includes both an incremental and a pulsed component.
ooy We found that a plurality of modern vertebrate clades exam-

Carnivora
Gymnophthalmoidea
Anguimorpha
Chamaeleonidae
Muroidea
Tityridae+Tyrannidae
Viperidae

Testudines
Gerrhosauridae+Cordylidae
Trochilidae

Primates

Furnariidae
Phasianidae
Cyprinidae

Model support (WAICc)

Incremental change [ Explosive change
[ Incremental stationarity [l Pulsed change

ined are best fitted by pulsed processes over models of incremen-
tal change, stationarity, and adaptive radiation. When we com-
pare our results to theoretical expectations of the rate and speed
of regime shifts for models that detail fithess landscape dynam-
ics, we find that our quantitative results are broadly compatible
with both microevolutionary models and observations from the
fossil record.
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Evolutionary Ecology Research, 2017, 18: 25-39

The many shapes of diversity: ecological and
evolutionary determinants of biodiversity through time

S. Castiglione1, A. Mondanaro], L Carotenuto1, F. Passaro],
M. Fortelius® and P. Raia'

Results: For_nearly 90% of the fossil clades analysed, the best model includes an early
diversification _phase._and increased_extinction rate over time. These features are consistent
regardless of whether the main determinants of species diversity in the models are ecological
or evolutionary. Clades terminated by mass extinctions did not have shorter duration than
other clades but were characterized by earlier divergence and greater species richness than other

clades.
Table 2. Selection of best models per clade by means of likelihood ratio test

Adaptive Delayed- Red Key Diversity-
Neutral radiation rise Queen innovation  dependence Totals
Best model 1 8 7 19 18 9 62
Mass 6 2 9 8 6 31

No mass | 2 5 10 10 3 31
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Methods in Ecology and Evolution

Methods in Ecology and Evolution 2015, 6, 340-346 doi: 10.1111/2041-210X.12337

Measurement errors should always be incorporated in
phylogenetic comparative analysis

Daniele Silvestro’?3#, Anna Kostikova®3+, Glenn Litsios?3, Peter B. Pearman®® and
Nicolas Salamin?3*

3. Our analyses show that even small measurement errors (10%) consistently bias model selection towards
erroneous rejection of BM in favour of more parameter-rich models (most frequently the OU model).
Fortunately, methods that explicitly incorporate measurement errors in phylogenetic analyses considerably
improve the accuracy of model selection.

4. Our results call for caution in interpreting the results of model selection in comparative analyses, especially
when complex models gamer only modest additional support.

5. Importantly, as measurement errors occur in most trait data sets, we suggest that estimation of measurement
errors should always be performed during comparative analysis to reduce chances of misidentification of
evolutionary processes.
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Diferenca entre ajuste (AIC) e "explicacao” do
modelo (R?)

* Abordagem de teoria de informacao (AIC-like) aponta o melhor
modelo entre todos os disponiveis

* Mas mesmo o melhor modelo (aguele com menor AIC) pode explicar pouco
dos dados (ter R? baixo)

* Peso de Akaike pode ser uma estatistica melhor nesse caso

* O que fazer nesse caso?

* Abordagens de “model adequacy”
e Arburtus (Pennell et al. 2015)



VOL. 186, NO. 2 THE AMERICAN NATURALIST AUGUST 2015

E-ARTICLE

Model Adequacy and the Macroevolution

of Angiosperm Functional Traits

Arbutus

Matthew W. Pennell,™* Richard G. FitzJohn,? William K. Cornwell,®> and Luke ]J. Harmon'

ORIGINAL ARTICLE

doi:10.1111/].1558-5646.2011.01574.x

IS YOUR PHYLOGENY INFORMATIVE?
MEASURING THE POWER OF COMPARATIVE

METHODS

Carl Boettiger,’? Graham Coop?® and Peter Ralph?

Phylogenetic
Monte
Carlo

i 2012 The Author(s). Evolution © 2012 The Society for the Study of Evolution.

2240 Evolution 66-7: 2240-2251]
104



Arbutus

 Comparar o ajuste de modelos em relacao ao universo de todos os
modelos possiveis

* Focado na adequabilidade de modelos para evolucao de atributos
continuos.

* Também pode ser usado para PGLS



-

Fit model of trait
evolution

Compare sim to obs
test statistics

— Ty

Calculate test statistics
on contrasts

Construct unit tree from )
model params

gt

T

Calculate test statistics
on contrasts

Simulate many BM
datasets
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Quanto mais préximo
do simulado melhor

Fit model of trait
evolution

Compare sim to obs
test statistics

|_ ]")

Calculate test statistics
on contrasts

Construct unit tree from )
model params

gt

T

o

Calculate test statistics
on contrasts

Simulate many BM
datasets

Modificar a arvore de
maneira a descrever a
historia do trait
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Table 1: Description of test statistics used to assess model adequacy

Test statistic

Description

Msic

CVAR

SVAR

SASR

SHGT

DCDF

The mean of the squared contrasts. This is equivalent to the restricted maximum likelihood estimator of the
Brownian motion rate parameter ¢* (Garland et al. 1992; Rohlf 2001). Mg is a metric of overall rate. Violations

- detected by Mg indicate whether the overall rate of trait evolution is over- or underestimated.

The coefficient of variation (standard deviation/mean) of the absolute value of the contrasts. If Cyagr calculated from
the observed contrasts is greater than that calculated from the simulated contrasts, it suggests that we are not
properly accounting for rate heterogeneity across the phylogeny. If Cyar from the observed is smaller, it suggests
that contrasts are even more than the model assumes. We use the coefficient of variation rather than the variance

= because the mean and variance of contrasts can be highly correlated.

The slope of a linear model fitted to the absolute value of the contrasts against their expected variances (following
Garland et al. 1992). Each (standardized) contrast has an expected variance proportional to the sum of the branch
lengths connecting the node at which it is computed to its daughter lineages (Felsenstein 1985). Under a model
of Brownian motion, we expect no relationship between the contrasts and their variances. We use it to test
whether contrasts are larger or smaller than we expect based on their branch lengths. If, for example, more
evolution occurred per unit time on short branches than long branches, we would observe a negative slope. If Sy
calculated from the observed data deviates substantially from the expectations, a likely explanation is branch

~ length error in the phylogenetic tree.

The slope of a linear model fitted to the absolute value of the contrasts against the ancestral state inferred at the
corresponding node. We estimated the ancestral state using the least squares method suggested by Felsenstein
(1985) for the calculation of contrasts. (We note that this is not technically an ancestral state reconstruction
[see Felsenstein 1985]; it is more properly thought of as a weighted average value for each node.) We used this
statistic to evaluate whether there is variation in rates relative to the trait value. For example, do larger organisms

- evolve proportionally faster than smaller ones?

The slope of a linear model fitted to the absolute value of the contrasts against node depth (after Purvis and Rambaut
1995). This is used to capture variation relative to time. It is alternatively known as the “node-height test” and
has been used to detect early bursts of trait evolution during adaptive radiations (for uses and modifications of this

= test see Freckleton and Harvey 2006; Slater and Pennell 2014).

The D statistic obtained from a Kolmolgorov-Smirnov test from comparing the distribution of contrasts to that of
a normal distribution with mean 0 and standard deviation equal to the root of the mean of squared contrasts
(the expected distribution of the contrasts under Brownian motion; see Felsenstein 1985; Rohlf 2001). We chose
this to capture deviations from normality. For example, if traits evolved via a “jump-diffusion”-type process
(Landis et al. 2013) in which there were occasional bursts of rapid phenotypic evolution (Pennell et al. 2013), the
tip data would no longer be multivariate normal owing to a few contrasts throughout the tree being much
larger than the rest (i.e., the distribution of contrasts would have heavy tails).
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Modelos evolutivos para caracteres
categoricos
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Proceliosourinu telradaciyius
Mrogellosaerinus erytheocercus
Voneosowa rubvicavda
Tretivscincus agifis
Microdiepharus marimiliani

Colyprommetus nicterus
% Colyptommetus lefolepis
Calyptommatus shaebvachiatus
Pitiophthalmus poeminotus

e Nothobachia oblephare
Gymnophthalmus leucomystax
Iphisa elegons
Colobosowra modeita
Calobodoctylut taunayi
Colododactyius daleyanus
Neterodoctybus imbricotus
Rhochisourus trachylepls
Cercosoura oceliala
Cercosours eigenmanny
Cercosoura schreibershi
Cercosauro argulus
Cercosaura Quodridncota
Proctoporvs bolivianys
Newiticurus exploopus
Photidobolus mentium
Procroporus simederya
Placosoma glebolvm
Newaticwrus rudis
Fochip dordignyt
Backio bresslou!
Gymnophthalmidae J o
Antheosaura reticufata
Arthrosaura kockil
Leposama perearinatum
Ecphopus offinis
Mlopoglossus copll
Teloldea Alopogiosius carinicoudarss
MAlopoglossus orriventric
Prychogiossus brevifrontabis
Aspigoscels sexlinearut
Teiidae Ameiva acaeivg
Teius teyou
Dicrodon guttuiotum
Manopeltis copensls
Geocalamis acwius
Amphisbeena ofbe
Chirindia swimmerton!
Oiplometopon zarudnyi
Agamodon anguliceps
Trogonophis wiegmanm
Bipes blporys
&pes conicelatus
Ripes rikdactylus
Blan us Sneiess
Riineara flovidana

Podarcis sicula
Lacertidae Merales cunelrontais
Takydromus smaragdinus
Fsommodromus hisponicus
L Ll L 2 Ll L L2 L3 -
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Forelimb
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Amphisbaenia

Hindlimb
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[C] 3 digits
B 2 digits
B 1 digits
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Telidae

Amphisbaenia
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Quantas vezes répteis Squamata perderam
seus membros?



Sem membros Com membros
Estado O EStador




Sirenoscincus yamagishii

specimen of Sirenoscincus yamagishi Sakata & Hikida, 2003 from Ankarafantsika, Madagascar,

(Photographs E-G: Falk S. Eckhardt)
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q01 4 R
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Sem membros Com membros
Taxa instantanea

de mudanca
de estado



THIS SEEMS SORT OF




Mas porque isso e importante?

A GTRnucleotides b Binary correlation d oOrdered transitions
A G C T 00 01 11 10

A | - | Tac | fac | Tar ‘ 00 ' - I 0 I

G | | - |TIec | Tar 01 ¢ - >} 0

C|Tac |Tec | - | Ia 11| O Ie - Ie

T | far | fet | Tar | - 10| 'c | O iy -

Além de serem necessarios em métodos de inferéncia filogenética "model-based”, esses
modelos de substituicao utilizam o mesmo arcabouco (processos de Markov) que métodos
comparativos que iremos estudar, tais como correlacao de caracteres binarios e multiestado

O’Meara 2012
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Matriz de transicao instantanea

-q01 gO01

gl0 -q10



Matriz de transicao instantanea

-q01 q01 Soma da linhas =0

gl0 -q10



t

Qual a probabilidade de depois

PPPPPP



Exponenciacao de matriz

P(t)=eW



t

-q01 gq01
Q=
gl0 -q10
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-q01 gq01
Q=
gl0 -q10




t

-0.5 0.5
Qt =
0.5 -0.5




t

0.68 0.32
et =
0.32 0.68




Equal rates (slow)

|
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M limbed
M limbless
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Equal rates (fast)

Unequal rates
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Podemos também
usar esses modelos
para estimar
estados ancestrais
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W limbed

B limbless
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Qual seria o resultado de uma analise com
dados reais?



Equal rates

1
4mmm———

\_ /

Sem membros Com membros



Unequal rates

4 N

1
—

\_ /

Sem membros Com membros



Equal Rates Model Unequal Rates Model

InL = -80.5 InL=-79.4

~0.0019 0.0019] [_00016 0.0016
QL‘R= Q,uw= . .

0.0019 -0.0019 0.0038 -0.0038
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We can also do this with Bayesian analyses

Posterior Distribution

600—

density

400 -

qi2
q21

NNz

|
0.000

geiger::fitDiscreteMCMC

geiger::fitContinuousMCMC
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Caracteres multiestado
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Matriz de transicao instantanea

- gq01 q02 g03
qlo - 912 ql3
=120 q21 - a23
g30 931 932 -




Matriz de transicao instantanea

- gq01 q02 903
qlo - 9gil2 gl3
=120 q21 - 923
q30 gq31 qgq32 -

Equal rates (ER)
1 parametro



Matriz de transicao instantanea

- gq01 q02 903
qlo - 912 gql3
=120 q21 - 923
q30 gq31 qgq32 -

Symmetric (SYM)
6 parametros



Matriz de transicao instantanea

q01 qg02 q03

All Rates Differ (ARD)
12 parametros
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Minimos Quadrados Generalizados (GLS)



20 INVITED FEATURE Vol. 16, No. 1

Ecological Applications, 16(1), 2006, pp. 20-32
© 2006 by the Ecological Society of America

STATISTICS FOR CORRELATED DATA: PHYLOGENIES, SPACE, AND TIME

ANTHONY R. IVves'? AND JUN ZHU?
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Phil. Trans. R. Soc. Lond. B 326, 119-157 (1989) [ 119 ]

Printed in Great Britain

THE PHYLOGENETIC REGRESSION

By A.GRAFENtY

* Normalmente empregado para testar a associacao entre dois
atributos

* Muito flexivel
* Preditor e resposta continuos
* Preditores discretos binarios ou ordinais (multiestado)

* Para resposta binaria use uma regressao logistica filogenética
» Disponivel no pacote phylolm::phyloglm
* Ou uma abordagem Bayesiana no pacote MCMCglmm

* Pode incorporar diferentes modelos evolutivos

* Manipulacao da estrutura de correlacao (matriz de variancia-covariancia)
e Customizado ou ja disponivel



Antes, relembrando o modelo linear (OLS)

Estimate of the Estimate of the

regression
Estimated (or intercept regression slope
enaales | Independent
e | variable

/

"Yi=by+bx +@.

. Error term
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Observed Value ofy |, /D) @)
for x,

?ei

Predicted Value of

"Random Error for this x
y for x,

value O

Intercept = g3,
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Pressupostos do OLS (

Matematica

y=X[+¢
X éumamatrizn x k

E(e €|X)=0"1

gX ~ N(0,6°])

eorema Gauss-Markov)
Traducao pra lingua humana

Relagao linear entre y € X

Colunas de X sdo independentes

Homocedasticidade e auséncia de autocorrelacao

Residuos tém distribui¢cao normal com média zero ¢
variancia homogénea
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Pressuposto de independéncia e homoceidasticidade
Matematica Traducao pra lingua humana

Variancia no erro ¢ a mesma

var[&,|X] = o para qualquer i (6) para qualquer elemento
da matriz

Sabendo o valor da variavel

cov[g;, &|X] = 0 para qualquer i numa unidade amostral nao
nos diz nada do valor dela em

outra u.a.






E(e€|X) = o*

-l
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Chapter 5
A Primer on Phylogenetic Generalised
Least Squares

Matthew R. E. Symonds and Simon P. Blomberg

* Assume linearidade entre as variaveis resposta e preditora(s)

* Estimativa vai depender do modelo evolutivo incorporado
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0.61

Type | Error

0.4

Ecology, 97(2), 2016, pp. 286-293
© 2016 by the Ecological Society of America

Improving phylogenetic regression under complex evolutionary

models

FLORENT MAZEL,!>¢ T. JONATHAN DAVIES,** DAMIEN GEORGES,'? SEBASTIEN LAVERGNE,
WILFRIED THUILLER,!? AND PEDRO R. PERES-NETO’

Method

o OLS
A PGI-Sglobal_}\

O |:’C':'I-STrueVCV
+ l:'GLSauteur

=P I-Scombination

0 2 6 )
Ratio of BM rates between clades 10g(‘7€lade1 )

4

2

% Clade 1

== |Clade 2

OCladeZ
Clade 1

prevalent in large phylogenetic trees, while most current approaches assume a homogenous
I f evolution r_analvsis demonstr h rlooking rate heterogenei n_resul
in_inflated tvpe I errors, thus misleading comparative analyses. We show that it is possible

to correct for this bias even when the underlying model of evolution is not known
a priori.

158



Chapter 5
A Primer on Phylogenetic Generalised
Least Squares

Matthew R. E. Symonds and Simon P. Blomberg

* Assume linearidade entre as variaveis resposta e preditora(s)

* Estimativa vai depender do modelo evolutivo incorporado

* Erro comum num PGLS
* Testar sinal filogenético nas variaveis resposta e/ou preditora

* O que é correto: testar sinal filogenético nos residuos



Ajustando um PGLS

* O que € melhor: ajustar um modelo em que simultaneamente se
estima o "sinal” filogenético dos residuos (usando ML), p.ex. usando o
lambda do Pagel e se estima os parametros do modelo

Methods in Ecology and Evolution

Methods in Ecology & Evolution 2010, 1, 319-329 doi: 10.1111/5.2041-210X.2010.00044.x

Phylogenetic signal and linear regression on
species data

Liam J. Revell*

160



Syst. Biol. 61(3):382-391, 2012

(© The Author(s) 2012. Published by Oxford University Press, on behalf of the Society of Systematic Biologists. All rights reserved.
For Permissions, please email: journals. permissions@oup.com

DOIL:10.1093/ sysbio /syr118

Advance Access publication on January 3, 2012

Independent Contrasts and PGLS Regression Estimators Are Equivalent

SIMON P. BLOMBERGI’*, JAMES G. LEFEVREZ, JESSIE A. WELLSl, AND MARY WATERHOUSE?

* Os estimadores dos Contrastes Filogenéticos Independentes (PIC) sao
equivalentes aos do PGLS quando se assume Movimento Browniano
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Diagnhosticando um PGLS

Residuals

Standardized residuals

Residuals vs Fitted
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