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Tt's a
mammoth.

MEASUREMENT ERROR

Measurement errors are
not perfect (and
sometimes we screw up

Early mlcroscope




MEASUREMENT ERROR

Multiple sources: :
Equipment error/imprecision -1k 1.!""5




MEASUREMENT ERROR
|

Multiple sources:
Equipment error/imprecision

Intferobserver error




MEASUREMENT ERROR

Multiple sources:
Equipment error/imprecision
Inferoloserver error
Inferoloserver error




MEASUREMENT ERROR

Multiple sources:
Equipment error/imprecision
Inferoloserver error
Inferoloserver error
Intraindividual- behavior/physiology
Blocks — freatments

etfc

Why would it matter in PCM?¢




Variance-
covariance matrix

A B C D

var(A) |cov(A,B) cov(A,C) cov(AD) cov(AE)

cov(B,A)  var(B) cov(B,C) cov(B,D) cov(B,E)

cov(C,A) cov(C,B) | var(C) cov(C,D)| cov(CE)

cov(D,A) cov(D,B) cov(D,C) wvar(D) |cov(D,E)

cov(E,A) cov(E,B) | cov(E,C) cov(E,D)| var(E)

If we have error, this is imprecise

O'Meara 2012



Variance-
covariance matrix

A B C D

var(A) |cov(A,B) cov(A,C) cov(AD) cov(AE)
+error

cov(B,A)  var(B) cov(B,C) cov(B,D) cov(B,E)

+emor

cov(C,A) cov(C,B) | var(C) cov(C,D)| cov(CE)
| +ermor

cov(D,A) cov(D,B) cov(D,C) wvar(D) |cov(D,E)
| temor

cov(E,A) | cov(E,B) | cov(E,C) cov(ED)| wvar(E)
+error

Does in matter in realitye

O'Meara 2012



Fraction of false positives with LRT test
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Fraction of false positives with LRT test

Fraction of false positives with LRT test

Trees with 50 taxa
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White- ME ignored; Gray- ME estimated; Black- ME known

Silvestro et al 2015




LESSONS

Always account for measurement error



PHYLOGENETIC UNCERTAINTY

Phylogenies are estimated,
and therefore have errors
and uncertainties

“What phylogenetic relationship?
That was a million years ago.”




PHYLOGENETIC UNCERTAINTY

Chimpanzee

Crown Old
World Monkeys

Crown New Age uncertainty
World Monkeys

Crown
Strepsirrhines

60 50

Ma Before Present

Wilkinson et al. 2011
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Rerun analysis with a bunch of trees!

Method

L




Body mass evolution in fossil mammals

Halliday & Goswami2016
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LESSONS

Always account for measurement error

Always account for phylogenefic uncertainty



PARAMETER ESTIMATION ERROR

Model parameters I'Ml SORRY HAW,

. . UT WE JUST CAN
are estimated with e

eIrror




PARAMETER ESTIMATION
dy = —a(y(t) — 6(t))dt + cdW




PARAMETER ESTIMATION
dy = —a(y(t) — 6(t))dt + cdW

Rate of adaptation

Rate of stochastic evolution

p=50=01,0=1,%x=5

Primary optima

Evolutionary models have evolutionary
parameters that must be estimated
through data How is it done?
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Parameter estimation is an optimization procedure on a likelihood surface
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Parameter estimation is an optimization procedure on a likelihood surface



Sub-optimal
likelihoods might
also be
considered “good
enough”,
specifically 2 log-
lik units away from
the peak
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Parameter estimation is an optimization procedure on a likelihood surface
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Sub-optimal
likelihoods might
also be
considered “good
enough”,
specifically 2 log-
lik units away from
the peak
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Parameter estimation is an optimization procedure on a likelihood surface



Rate matrix error

Can be done by
exploring the
likelihood surface

Machado et al. 2023



Negative Log-likelihood
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LESSONS

Always account for measurement error
Always account for phylogenefic uncertainty

Always account for parameter estimation error



MODEL ADEQUACY

Sometimes the best model
IS Not the best model

The Far Side /| BY GARY LARSON

PRSI, Nt

By

@\
§
5
¢

Donning his new canine decoder,
Professor Schwartzman becomes the first
human being on Earth to hear what
barking dogs are actually saying.
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Adapftive radiation of Anoles

oculatus, Dominica

ferreus, Marie Galante

terraealtae, llles de Saintes-2
terraealtae, llles de Saintes—1
lividus, Monserrat
marmoratus, Desirade
marmoratus, Guadeloupe
nubilus, Redonda

sabanus, Saba

gingivinus, St. Barthelemy

gingivinus, St. Maarten

gingivinus, Anguilla

leachi, Antigua

leachi, Barbuda
bimaculatus, St. Eustatius
bimaculatus, St. Christopher
| Trunk bimaculatus, Nevis

pogus, St. Maarten

wattsi, Antigua

wattsi, Barbuda
schwartzi, St. Eustatius
schwartzi, Nevis

schwartzi, St. Christopher

(A) Ous3 (C) Ou.15

Boettiger, Coop, & Ralph 2012 “Best models” (<2 loglik of best) How different are they?




Phylogenetic Tree of 3 Taxa
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Simulations might help us understand our data




oculatus, Dominica
ferreus, Marie Galante
terraealtae, llles de Saintes-2
terraealtae, llles de Saintes—1
lividus, Monserrat
marmoratus, Desirade

e marmoratus, Guadeloupe

nubilus, Redonda

sabanus, Saba

» gingivinus, St. Barthelemy

Model MO Model M1

gingivinus, St. Maarten '

Estimate ML '
model from data !

gingivinus, Anguilla
leachi, Antigua
leachi, Barbuda

bimaculatus, St. Eustatius

bimaculatus, St. Christopher

bimaculatus, Nevis

pogus, St. Maarten

wattsi, Antigua

wattsi, Barbuda

Simulate traits from :
estimated model :
n times :

schwartzi, St. Eustatius

schwartzi, Nevis

pRF

schwartzi, St. Christopher

(c) Ou.15

Re-estimate MO and :
M1 models on each of:
n data sets:

1 g COMPULE 21 (M1))- log(L(M
likelihood ratio i'Vyi=1m4]) 'V

Compute distribution :
of n ratios :

Boettiger, Coop, & Ralph 2012



(A) BM vs. OU.3 (B) OU.3 vs. OU.4

BM sims OU.3 sims
®  QOU3sims . " QOU4sims

(D) BM vs. OU.1

0OU.3 sims BM sims
®  OU.15sims 1 ®  QOU.1sims

Boettiger, Coop, & Ralph 2012




Visual inspection

Bad models will generate data
that does not match empirical
observations Machado et al. 2023




®

Compare sim to obs Fit model of trait
test statistics evolution

Calculate test statistics Construct unit tree from
on contrasts model params

Simulate many BM Calculate test statistics
datasets on contrasts

Figure 1: Schematic diagram representing our approach for assessing model adequacy. 1, Fit a model of trait evolution to the data. 2, Use the
estimated model parameters to build a unit tree. 3, Compute the contrasts from the data on the unit tree and calculate a set of test statistics
7 x. 4, Simulate a large number of data sets on the unit tree, using a Brownian motion (BM) model with ¢* = 1. 5, Calculate the test statistics
on the contrasts of each simulated data set 7 ,. 6, Compare the observed and simulated test statistics. If the observed test statistic lies in the tails
of the distribution of simulated test statistics, the model can be rejected as inadequate. The rotational circle in the center of the diagram
indicates that assessing model adequacy is an iterative process. If a model is rejected as inadequate, the next step is to propose a new model
and repeat the procedure.

Pennell, FitzJohn, Cornwell, Harmon 2015
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Figure 2: Illustration of our approach to model adequacy. We fitted three models (Brownian motion, Ornstein-Uhlenbeck [OU], and early burst) to seed mass data from two different
tree families, the Meliaceae (top, red) and the Fagaceae (bottom, yellow). In both cases, an OU model (analyzed here) was strongly supported when fitted with maximum likelihood.
The plotted distributions are the test statistics (Mg, Cvar» Svars Sasr» Suar> Depr) calculated from the contrasts of the simulated data; the bars underneath the plots represent 95% of the
density. The dashed vertical lines are the values of the test statistics calculated on the contrasts of the observed data. Using our test statistics, an OU model appears to be an adequate
model for the evolution of seed mass in the Meliaceae; for all of the test statistics, the observed test statistic lies in the middle of the distribution of simulated test statistics. For the
Fagaceae, the slopes of the contrasts against their expected variances Sy,x and node height S, are much lower than the expectations under the model.

Pennell, FitzJohn, Cornwell, Harmon 2015



LESSONS

Always account for measurement error
Always account for phylogenefic uncertainty
Always account for parameter estimation error

Always account for model inadequacy



SENSITIVITY ANALYSIS

Input: data and phylogeny
Automatic matching and tree pruning

Sampling

Phylogeny
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tree influ clade samp intra

uncertainty type

*
*
*

tree_phylm
tree_phyglm
tree_physig

methods

tree_continuous
tree_discrete
tree_bd

influ_phylm
influ_phyglm
influ_physig

clade_phylm
clade_phyglm
clade_physig

influ_continuous clade_continuous

influ_discrete clade_discrete

samp_phylm
samp_phyglm
samp_physig

samp_continuous

samp_discrete

intra_phylm
intra_phyglm
intra_physig

Common suffix: phylm (linear regression) | phyglm (logistic regression)

physig (phylogenetic signal) | continuous (trait evolution) | discrete (trait evolution) | bd (diversification)

Summary of the results: summary( ) | Visualize the results: sensi_plot( )

Patermo, Penone, Wener, 2018




IDENTIFIABILITY ISSUES

Sometimes model parameters
Interact with each other



Parameter estimation is an optimization procedure on a likelihood surface



Sometimes likelihood surfaces can be flatter



OU: OPTIMUM p
ANCESTRAL STATE YO

phenotype

0.0

Ancestral state yg




THIS IS WHAT WE WANT
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THIS IS WHAT WE GET
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Ho and Ané, 2014



What is x in x+y=5




Theta and ancestral state Alpha and rho

Cornuaut 2014
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LESSONS

Always account for measurement error

Always account for phylogenefic uncertainty
Always account for parameter estimation error
Always account for model inadequacy

Always account for identitfiability issues



CAN REV BAYES SAVE US AlLL®

measurement error
phylogenetic uncertainty
parameter estimation error
model inadequacy

identifiability issues



CAN REV BAYES SAVE US AlLL®

measurement error > not exclusively but yes
phylogenetic uncertainty->

parameter estimation error 2 yes

model inadequacy =2 no

identifiability issues 2 no



The MCMC machinery can incorporate phylogenetic uncertainty

chain

1

intercept
standard deviation

50008 0000 15000 000 10000154

iteratbn number Iteration number




CAN REV BAYES SAVE US AlLL®

measurement error > not exclusively but yes
phylogenetic uncertainty—-> yes

parameter estimation error 2 yes

model inadequacy =2 no

identifiability issues 2 no
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