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Can you try installing the following R 
packages?
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• TreeSim 

• FossilSim



Today’s objectives
• Homework 

• Recap  

• Bayesian inference  

• MCMC 

• Intro to molecular datinH
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Recap
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Bayes’ theorem
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Pr( model | data )  =

Pr( data | model ) Pr( model )

Pr( data )



Bayes’ theorem
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Likelihood

Pr( model | data )  =

Pr( data | model ) Pr( model )

Pr( data )

The probability of the 
data given the model 
assumptions and 
parameter values



Bayes’ theorem
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Priors

Pr( model | data )  =

Pr( data | model ) Pr( model )

Pr( data )

This represents our 
prior knowledge of 
the model 
parameters



Bayes’ theorem
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Marginal probability

Pr( model | data )  =

Pr( data | model ) Pr( model )

Pr( data )
The probability of the 
data, given all possible 
parameter values. Can 
be thought of as a 
normalising constant



Bayes’ theorem
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posterior

Pr( model | data )  =

Pr( data | model ) Pr( model )

Pr( data )

Reflects our combined 
knowledge based on the 
likelihood and the priors



Bayesian tree inference
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Recap
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How do we find the ‘best’ tree?
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It depends how you measure ‘best’
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Method Criterion (tree score)

Maximum parsimony Minimum number of chanHes

Maximum likelihood
Likelihood score (probability), optimised over branch lenHths 
and model parameters

Bayesian inference
Posterior probability, inteHratinH over branch lenHths and 
model parameters 

Both maximum likelihood and Bayesian inference are model-based approaches 
 
Note these are not the only approaches to tree-buildinH but they are the most widely used



Introduction to molecular dating
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What can we learn 
from trees?
• Evolutionary relationships
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What can we learn 
from trees?
• Evolutionary relationships 

• TiminH of diversification events 

• GeoloHical context 

• Rates of phenotypic evolution 

• Diversification rates
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cichlid-bearing
fossil horizons 

fish-bearing
fossil horizons 

molecular time 

fossil time scale for cichlid origin
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MOEPLKEKLJMJEJE. Jurassic L. Jur. E. Cretaceous L. Cretaceous .coiM.ilOenecoE.laP.J.MImage adapted from Friedmann et al. (2013)

https://royalsocietypublishing.org/doi/full/10.1098/rspb.2013.1733


Molecular (or morphological) characters are 
not independently informative about time
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branch lengths = genetic distance
v = rt

root

ATGCATGC

ATGCATGG

ATGCATCG

TTGCCTGC

TTGCCTGG

TTGCATCG

TAGCGTGC

TAGCGAGC

Slow rate, long 
interval or fast rate, 
short interval? 

Goal: to disentangle 
evolutionary rate and 
time



Molecular (or morphological) characters are 
not independently informative about time
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Goal: to disentangle 
evolutionary rate and 
time

branch lengths = time

ATGCATGC

ATGCATGG

ATGCATCG

TTGCCTGC

TTGCCTGG

TTGCATCG

TAGCGTGC

TAGCGAGC



The molecular clock hypothesis
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Molecules as documents of evolutionary history Zuckerkandl & Pauling (1965) 
A history of the molecular clock Morgan (1998)

https://pubmed.ncbi.nlm.nih.gov/5876245/
https://www.jstor.org/stable/4331476


Calibrating the substitution rate
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branch lengths = time

ATGCATGC

ATGCATGG

ATGCATCG

TTGCCTGC

TTGCCTGG

TTGCATCG

TAGCGTGC

TAGCGAGC

6.5

Temporal evidence of 
divergence for one 
species pair let’s us 
calibrate the average 
rate of molecular 
evolution 



Calibrating the substitution rate
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ATGCATGC

ATGCATGG

ATGCATCG

TTGCCTGC

TTGCCTGG

TTGCATCG

TAGCGTGC

TAGCGAGC

15
35

50

branch lengths = time
6.5

We can use this rate to 
extrapolate the 
divergence times for 
other species pairs 



Rate and time are not fully identifiable!
Molecular dating: challenges
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branch lengths = genetic distance
v = rt

root
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Many variables contribute to variation in the substitution rate
Molecular dating: challenges

23
Bromham et al. (2015)

https://lindellb.files.wordpress.com/2015/03/bromham-plantrates-amnat15.pdf


Molecular dating: challenges
Many variables contribute to variation in the substitution rate
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The molecular clock is not constant 

Rates vary across: 

• taxa 
• time 
• Henes  
• sites within the same Hene

• The clock is in fact violated for most species/genes/characters

SOURCES OF VARIATION

Tuesday, January 13, 2015



Calibrations are imprecise
Molecular dating: challenges

25Time

Molecular evolution:

Morphological evolution:

Fossil preservation:



Calibrations are imprecise
Molecular dating: challenges

26Time

Molecular evolution:

Morphological evolution:

Fossil preservation:

genetic  
divergence



Calibrations are imprecise
Molecular dating: challenges

27Time

Molecular evolution:

Morphological evolution:

Fossil preservation:

genetic  
divergence

apomorphy



Calibrations are imprecise
Molecular dating: challenges

28Time

Molecular evolution:

Morphological evolution:

Fossil preservation:

genetic  
divergence

apomorphy

earliest fossil



Calibrations are imprecise
Molecular dating: challenges

29Time

1.

2.

3.

1. Fossil minimum 
2. Acquisition of apomorphy 
3. Most probable divergence time



Summary

1. Rate and time are not fully identifiable  

2. The substitution rate varies 

3. Calibrations are imprecise

Molecular dating: challenges
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→ we need a flexible statistical framework that deals well with uncertainty!



Bayesian divergence time estimation

31



We use a Bayesian framework
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P( model | data ) =
P( data | model ) P( model )

P( data )

likelihood priors

marginal 
probability of the 

data

posterior



λ μ
ψ
ρ

The data Tripartite model components

0

1

Substitution
model

Clock
model

Tree and tree
model

Phylogenetic
characters

Fossil
ages

0101...
1101...
0100...

ATTG...
TTGC...
ATTC...

AND/OR

Bayesian divergence time estimation
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3 model components

substitution 
model

clock 
model

tree and tree 
model

The data

sample 
ages

phylogenetics 
characters

and / or

Understanding the tripartite approach to Bayesian divergence time estimation 
Warnock, Wright. (2020)
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tree modelclock modelsubstitution model

How likely are we to observe a change 
between character states? e.g., A → T
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tree modelclock modelsubstitution model

How have rates of evolution varied 
(or not) across the tree?
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tree modelclock modelsubstitution model

How have species originated, gone 
extinct and been sampled through time?



Bayesian divergence time estimation
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Calculating the likelihood

38Slide adapted from Sebastian Duchene 

Prior Prior Likelihood
Based on the 
calibration times we 
can estimate the rate 
over time

Once we have the rate 
we can transform 
evolutionary rates in 
Henetic distance



We can use a calibration density to 
constrain internal node ages 

We typically use a birth-death 
process model to describe the tree 
generating process 

Node dating
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Oldest fossil
sampling time

Speciation 
time

Uniform (min, max)

Exponential (λ)

Gamma (α, β)

Lognormal (μ, σ)

Normal (μ, σ)

time

Adapted from Heath 2012. Sys Bio



The clock model describes how 
evolutionary rates vary (or not) 
across the tree

40

clock model



The strict / constant molecular clock model 
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Assumptions 

• The substitution rate is constant 
over time 

• All lineaHes share the same rate

low high
branch length = substitution rate



Relaxed clock models
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Assumptions 

• LineaHe-specific rates  

• The rate assiHned to each 
branch is drawn from some 
underlyinH distribution

low high
branch length = substitution rate



Graphical models: strict clock model
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cδc

exponential

clock rate



Graphical models: relaxed clock model

44

r iν
i N

δν

exponential exponential

branch rates

in



There are many different clock models

45

• Strict clock  

• Uncorrelated or independent clock (= the favourite)  

• Autocorrelated clock  

• Local clocks 

• Mixture models

The changing face of the molecular evolutionary clock. Ho. 2014 
See also: Warnock, Wright. 2020. Elements of Paleontology

https://www.cell.com/trends/ecology-evolution/abstract/S0169-5347(14)00155-4?_returnURL=https://linkinghub.elsevier.com/retrieve/pii/S0169534714001554?showall=true
https://ecoevorxiv.org/4vazh/


Exercise (demo only)
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https://phylogenetics-fau.netlify.app/exercise-05


Applications of node dating

47



Hypothesis testing:  
did the break up of 
Gondwana drive the 
radiation of cichlids? 

48200 150 100 50 0
geological time (Ma)
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Very large trees 
can only be 
time-calibrated  
using a node 
dating 
approach

49

266 | Nature | Vol 602 | 10 February 2022

Article

Efficient computing in the genomics era
The species-level MCMC sampling required about 80,000 hours of 
computing time in a high-performance computing cluster and released 
approximately48 16.7 tonnes of CO2. Without the technological improve-
ments used here, these analyses would have required hundreds of years 
of computing time and emitted more than 1.9 thousand tonnes of CO2 
(Supplementary Information). By using existing tools and combin-
ing them in a novel way within the sequential-subtree approach, we 
have demonstrated that hierarchical Bayesian analysis of species-level 
timetrees integrating genomes is now feasible. Thus, the methodol-
ogy developed here can be used to address other contentious cases of 
species diversification that, so far, have been analysed using limited 
datasets. By integrating our method with the million and more genomes 
currently planned for sequencing11, the prospect of obtaining a reliable 
evolutionary timescale for the entirety of the tree of life now appears 
within reach.

Online content
Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41586-021-04341-1.

1. Zoonomia Consortium. A comparative genomics multitool for scientific discovery and 
conservation. Nature 587, 240–245 (2020).

2. Feng, S. et al. Dense sampling of bird diversity increases power of comparative 
genomics. Nature 587, 252–257 (2020).

3. Harvey, M. G. et al. The evolution of a tropical biodiversity hotspot. Science 370,  
1343–1348 (2020).

4. dos Reis, M., Donoghue, P. C. J. & Yang, Z. Bayesian molecular clock dating of  
species divergences in the genomics era. Nat. Rev. Genet. 17, 71–80  
(2016).

5. Meredith, R. W. et al. Impacts of the Cretaceous Terrestrial Revolution and  
KPg extinction on mammal diversification. Science 334, 521–524 (2011).
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Fig. 3 | Timetree of 4,705 mammal species. a, Times (in Ma) are estimated with 
MCMCtree23 using approximate likelihood37. Black bars indicate the 95% 
highest posterior density credibility interval of node ages, with nodes plotted 
at the posterior means. Cretaceous–Palaeogene boundary (K–Pg) is indicated. 

b, Lineages through time plot (black line) with 95%  confidence interval (dotted 
lines), number of extinct mammal species, mammal genera, and eutherian 
genera through time (mined from PaleoDB (https://paleobiodb.org/)) are 
shown.

Álvarez-Carretero et al. (2021) — 4,705 mammal species

https://www.nature.com/articles/s41586-021-04341-1


Dating with 
sparse 
calibration 
information 
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RESEARCH ARTICLE SUMMARY
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EVOLUTION

A geological timescale for bacterial evolution and
oxygen adaptation
Adrián A. Davín*, Ben J. Woodcroft*, Rochelle M. Soo, Benoit Morel, Ranjani Murali,
Dominik Schrempf , James W. Clark, Sandra Álvarez-Carretero, Bastien Boussau, Edmund R. R. Moody,
Lénárd L. Szánthó, Etienne Richy, Davide Pisani, James Hemp, Woodward W. Fischer,
Philip C. J. Donoghue, Anja Spang, Philip Hugenholtz*, Tom A. Williams*†, Gergely J. Szöllősi*†

INTRODUCTION: Microbial life dominates the
biosphere, but a timescale of early microbial
evolution has proven elusive as a result of an
inadequate fossil record. The lack of maximum
age calibrations—the earliest point in time at
which a given group might have emerged—is
particularly problematic. However, the geo-
chemical record bears the imprint ofmicrobial
metabolism through time, providing a comple-
mentary source of information. A pivotal event
in this history was the Great Oxidation Event
(GOE) ~2.43 to 2.33 billion years ago (Ga), which
marked a substantial increase in atmospheric

oxygen. This transition, driven by the evolu-
tion of cyanobacterial oxygenic photosyn-
thesis and carbon burial, transformed the
biosphere from predominantly anoxic to oxic,
causing widespread adaptation to oxygen. In
this study, we used the temporal link between
atmospheric oxygenation and the evolutionary
spread of aerobic metabolism to calibrate the
phylogeny of the bacterial domain.

RATIONALE: To date the bacterial tree, we in-
troduced multiple new maximum age calibra-
tions by linking the GOE to the age of aerobic

lineages. We used a Bayesian approach that
assumes that aerobic nodes are unlikely to
be older than the GOE but can predate it given
sufficient evidence from fossils or sequence
divergence. To implement this approach, we
integrated phylogenetic reconciliation with
machine learning to map transitions from
anaerobic to aerobic lifestyles onto the bac-
terial tree. By aggregating signals across the
genome, we could robustly infer aerobic and
anaerobic phenotypes from incomplete ances-
tral gene repertoires.

RESULTS: We identified 84 anaerobic to aero-
bic transitions on a species tree of 1007 bac-
teria. Most transitions occurred after the GOE
and were driven by horizontal acquisition of
respiratory and oxygen tolerance genes. How-
ever, despite theGOE calibration, at least three
transitions predated this event, suggesting that
aerobic respiration evolved before widespread
atmospheric oxygenation and may have facili-
tated the evolution of oxygenic photosynthesis
in cyanobacteria. Our molecular clock analyses
estimated that the last bacterial common an-
cestor lived in the Hadean or earliest Archaean
era (4.4 to 3.9 Ga), whereas bacterial phyla
originated in the Archaean and Proterozoic
eras (2.5 to 1.8 Ga); most bacterial families are
as old as land plants and animal phyla, dating
back to the late Proterozoic (0.6 to 0.75 Ga).

CONCLUSION: We infer that the earliest aero-
bic bacteria emerged in the Archaean, predat-
ing the GOE by 900 million years. After the
GOE, aerobic lineages experienced faster diver-
sification than their anaerobic counterparts,
highlighting the impact of atmospheric oxy-
genation on bacterial evolution. The approach
developed here provides a framework for
linkingmicrobial traits to Earth’s geochemical
history, offering a pathway for exploring the
evolution of other phenotypes in the context of
Earth’s history.▪

RESEARCH

The list of author affiliations is available in the full article online.
*Corresponding author. Email: aaredav@gmail.com (A.A.D.);
b.woodcroft@qut.edu.au (B.J.W.); p.hugenholtz@uq.edu.au
(P.H.); thwillia@gmail.com (T.A.W.); gergely.szollosi@oist.jp
(G.J.S.)
†These authors contributed equally to this work.
Cite this article as A. A. Davín et al., Science 388, eadp1853
(2025). DOI: 10.1126/science.adp1853

READ THE FULL ARTICLE AT
https://doi.org/10.1126/science.adp1853

An integrated approach to date bacterial evolution and reconstruct the history of oxygen adaptation.
We inferred a bacterial timetree by integrating genomic, fossil, and geochemical data and linking oxygen
tolerance and aerobic metabolism to the GOE. Colors denote anaerobic (blue) and aerobic (red) states,
whereas shades of purple show the fraction of aerobic lineages within extant bacterial phyla. Mitochondria
and plastids were included to leverage the more extensive eukaryotic fossils. Land plants and animals are
indicated for temporal comparison.
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A geological timescale for bacterial evolution, calibrated using atmospheric oxygenation and the spread of aerobic metabolism
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Biogeographic 
calibrations
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Step I: Justification

Step II: Specification

Step II-c
Define molecular and
diversification models
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Figure 2: Diagram of prior-based biogeographic dating. Node calibration involves three major steps. Justi-
fication (Step I) asserts a divergence scenario by interpreting evidence from a phylogenetic hypothesis (I-a)
and the taxa’s biogeographic states (I-b) to identify a divergence event (I-c) whose biogeographic disjunc-
tion was hypothetically caused by a paleogeographic event (I-d). Specification (Step II) designs a model
to estimate divergence times by recording the time of the divergence-causing paleogeographic event (II-a)
then assigning a node prior of divergence times relative to the paleogeographic event time (II-b), along with
specifying standard molecular and diversification model components (II-c). Estimation (Step III) fits the
model with the node prior to the molecular data to estimate a posterior density of dated phylogenies. The
prior density (purple; Step II-b) has zero probability for ages older than T , which is reflected in the posterior
density (red). Thus, the posterior density prefers young ages (a1) rather than old ages (a2). Steps III-b and
III-c not shown. See Section 3 for additional details.

7

Landis (2017, 2021)

https://academic.oup.com/sysbio/article/66/2/128/2669985
https://link.springer.com/chapter/10.1007/978-3-030-60181-2_9


Dating gene or 
genome 
duplication events
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ohnologue pairs. To be more specific, we started with one 
random ohnologue pair, added five to generate the data-
set of six ohnologue pairs, then added another 6 to gener-
ate the dataset of 12 ohnologue pairs, and finally added 
another 6 for the dataset including 18 ohnologue pairs. 
Ohnologue pairs were dated individually, and as a single 
concatenated alignment where they were treated as sep-
arate partitions (in datasets) that were modeled using the 
best-fitting amino acid substitution models (see 
supplementary table S9, Supplementary Material online 
for detailed information), identified using the Bayesian 
Information Criterion. The species phylogeny used to 
date duplicated genes was constrained to conform to 

the Actinopterygian phylogeny in Dornburg and Near 
(2021).

Speciation node ages in the tree were constrained with 
fossil calibrations comprising hard minima and soft max-
ima, formulated following best practice (Parham et al. 
2011), many revised from Benton et al. (2015) (see 
Supplementary Material section 3). The prior probability 
of divergence times was modeled using a uniform distribu-
tion (97.5%), reflecting equal probability per unit time be-
tween hard minimum and soft maximum bounds, 
supplemented with a 2.5% tail distribution extending 
from the maximum constraint, representing the low (but 
nonzero) probability that the true age exceeds the soft 

Fig. 1. Divergence time estimates for the 3R WGD event (node 7) and the actinopterygian lineage divergences based on a concatenation of 30 ohno-
logue pairs. Age estimates represent the 95% highest posterior density (HPD). The two teleost ohnologue groups are distinguished by different colors (orange 
and burnt orange). Node numbers represent the following clades: node 1: crown Actinopterygii; node 2: crown Cladistia; node 3: crown Actinopteri; node 4: 
crown Chondrostei; node 5: crown Neopterygii; node 6: crown Holostei; node 7: 3R; node 8 and node 13: crown Teleostei; node 9 and node 14: divergence of 
Osteoglossomorpha and Elopocephalai; node 10 and node 15: crown Clupeocephala; node 11 and node 16: divergence of Protacanthopterygii and 
(Neoteleostei + Stomiati); node 12 and node 17: crown Acanthomorpha; abbreviations for geological periods: D: Devonian; Ca: Carboniferous; Pe: 
Permian; Tr: Triassic; Ju: Jurassic; Cr: Cretaceous; Pa: Paleogene; N: in short for Neogene.

Molecular Dating of the Teleost WGD                                                                                                                              GBE

Genome Biol. Evol. 16(7) https://doi.org/10.1093/gbe/evae128 Advance Access publication 24 June 2024                                         3
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Álvarez-Carretero et al. (2021) — 4,705 mammal species

https://www.nature.com/articles/s41586-021-04341-1


Times and rates are not fully identifiable!
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Prior Prior Likelihood

Slide adapted from Sebastian Duchene 



The priors will always influence the results
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Neutral theory
Also termed the neutral 
mutation-random drift theory; 
claims that evolution at the 
molecular level is mainly 
random fixation of mutations 
that have little fitness effect.

Neutral mutations
Mutations that do not affect 
the fitness (survival or 
reproduction) of the individual.

Advantageous mutations
Mutations that improve the 
fitness of the carrier and are 
favoured by natural selection.

Deleterious mutations
Mutations that reduce the 
fitness of the carrier and are 
removed from the population 
by negative selection.

Substitution
Mutations that spread into the 
population and become fixed, 
driven either by chance or by 
natural selection.

Relaxed clock models
Models of evolutionary rate 
drift over time or across 
lineages developed to relax the 
molecular clock hypothesis.

illustrates the Bayesian clock dating of equation (2) in a 
two-species case.

Direct calculation of the proportionality constant 
z in equation (2) is not feasible. In practice, a simula-
tion algorithm known as the Markov Chain Monte Carlo 
algorithm (MCMC algorithm) is used to generate a 
sample from the posterior distribution. The MCMC 
algorithm is computationally expensive, and a typi-
cal MCMC clock-dating analysis may take from a few 
minutes to several months for large genome-scale data 
sets. Methods that approximate the likelihood can 
substantially speed up the analysis29,57,58. For technical 
reviews on Bayesian and MCMC molecular clock dating 
see REFS 59,60.

Nearly a dozen computer software packages cur-
rently exist for Bayesian dating analysis (TABLE 1), all of 
which incorporate models of rate variation among lin-
eages (the episodic or relaxed clock models envisioned 
by Gillespie)61. All of these programs can also analyse 
multiple gene loci and accommodate multiple fossil 
 calibrations in one analysis.

Limits of Bayesian divergence time estimation
Estimating species divergence times on the basis of 
uncertain calibrations is challenging. The main diffi-
culty is that molecular sequence data provide informa-
tion about molecular distances (the product of times 
and rates) but not about times and rates separately. In 
other words, the time and rate parameters are unidenti-
fiable. Thus, in Bayesian clock dating, the sequence 
distances are resolved into absolute times and rates 
through the use of priors. In a conventional Bayesian 
estimation problem, the prior becomes unimportant and 

the Bayesian estimates converge to the true parameter 
values as more and more data are analysed. However, 
convergence on truth does not occur in divergence time 
estimation. The use of priors to resolve times and rates 
has two consequences. First, as more loci or increasingly 
longer sequences are included in the analysis but the 
calibration information does not change, the posterior 
time estimates do not converge to point values and will 
instead involve uncertainties31,54,62. Second, the priors on 
times and on rates have an important impact on the pos-
terior time estimates even if a huge amount of sequence 
data is used62,63. Errors in the time prior and in the rate 
prior can lead to very precise but grossly inaccurate time 
estimates62,64. Great care must always be taken in the con-
struction of fossil calibrations and in the specification 
of priors on times and on rates in a dating analysis65,66.

As the amount of sequence data approximates 
genome scale, the molecular distances or branch 
lengths on the phylogeny are essentially determined 
without any uncertainty, as are the relative ages of the 
nodes. However, the absolute ages and absolute rates 
cannot be known without additional information (in 
the form of priors). The joint posterior of times and 
rates is thus one-dimensional. This reasoning has been 
used to determine the limiting posterior distribution 
when the amount of sequence data (that is, the number 
of loci or the length of the sequences) increases without 
bound31,54. An infinite-sites plot can be used to deter-
mine whether the amount of sequence data is satur-
ated or whether including more sequence data is likely 
to improve the time estimates (FIG. 2). The theory has 
been extended to the analysis of large but finite data 
sets to partition the uncertainties in the posterior time 
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Nature Reviews | GeneticsFigure 1 | Bayesian molecular clock dating. We estimate the posterior 
distribution of divergence time (t) and rate (r) in a twospecies case to 
illustrate Bayesian molecular clock dating. The data are an alignment of the 
12S RNA gene sequences from humans and orangutans, with 90 
differences at 948 nucleotides sites. The joint prior (part a) is composed of 
two gamma densities (reflecting our prior information on the molecular rate 
and on the geological divergence time of human–orangutan), and the 

likelihood (part b) is calculated under the Jukes–Cantor model. The posterior 
surface (part c) is the result of multiplying the prior and the likelihood. The 
data are informative about the molecular distance, d = tr, but not about t and 
r separately. The posterior is thus very sensitive to the prior. The blue line 
indicates the maximum likelihood estimate of t and r, and the molecular 
distance d, with t̂r̂ = d̂. When the number of sites is infinite, the likelihood 
collapses onto the blue line, and the posterior becomes onedimensional62.
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