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Objectives

• Recap: models of morphological evolution 

• Ancestral state reconstruction 

• A very brief intro to biogeography
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Once again, if these two quantities are rescaled by their sum, 
which is also the total likelihood (just as it was for the root 
node), we’ll have the marginal scaled likelihoods for condi-
tions 0 and 1 of P(0, 1) = [0.822, 0.178] . Figure!2a gives the 
marginal ancestral state reconstruction of our tree and data 
in Fig.!1, conditioned on the value of Q indicated earlier 
in this article. These states are shown mapped to the cor-
responding nodes of the tree using pie diagrams, as is so 
very commonly done in empirical studies that use marginal 
ancestral state reconstruction (Fig.!2a).

Just as I did when computing the total likelihood, 
above, for demonstrative purposes I’ve enumerated 
all the terms of each marginal likelihood. This would 
quickly become prohibitively complicated for even mod-
estly-sized phylogenies, so in practice computer imple-
mentations of marginal ancestral state reconstruction use 
one of various fast algorithms based on pruning to com-
pute these quantities (Felsenstein, 1981; Yang, 2006).

Joint Reconstruction

The other type of ancestral state reconstruction that we 
might perform under the Mk model, in addition to the 

P(internal = 0) = 𝜋0 × P(0|0, tAB) × P(1|0, tA)
× P(0|0, tB) × P(0|0, tC)
+ 𝜋1 × P(0|1, tAB) × P(1|0, tA) × P(0|0, tB) × P(0|1, tC)
= 0.5 × 0.0434 + 0.5 × 0.0005
= 0.0219

P(internal = 1)− = 𝜋0 × P(1|0, tAB) × P(1|1, tA)
× P(0|1, tB) × P(0|0, tC)
+ 𝜋1 × P(1|1, tAB) × P(1|1, tA) × P(0|1, tB) × P(0|1, tC)
= 0.5 × 0.0035 + 0.5 × 0.0060
= 0.0047

method of marginal ancestral state reconstruction that 
we just learned, is what’s typically referred to as joint 
reconstruction (Revell & Harmon, 2022; Yang, 2006). 
In this case, our estimated ancestral states are merely the 
set of such states that jointly maximize the probability of 
our data at the tips of the tree.

In our example from Fig.!1, there are a total of four pos-
sible sets of states at the two nodes of the phylogeny: [0, 0] , 
[0, 1] , [1, 0] , and [1, 1].5 Uncoincidentally, these four sets of 
states correspond to the four terms of our equation for the 
probability of our data ( P(0, 0, 1) ), above. In other words:

Here, P([0, 0]) gives the probability of our data at the tips 
of the tree, conditioning on both the root and single internal 
node of the tree being in states 0 and 0, respectively. The 
same interpretation can be made of P([0, 1]) , P([1, 0]) , and 
so on. From this set of values we can see that the combina-
tion of states that jointly maximizes the probability of our 
data are [0, 0]—in other words, condition 0 at both the root 
and single internal node of the tree (Fig.!1). This set thus 
becomes our joint Maximum Likelihood ancestral state esti-
mate. We could also imagine rescaling the set of probability 
values by their sum and reporting the probabilities of each 
set of states conditioned on Q—though this is not typically 
undertaken in joint reconstruction. Figure!2b illustrates the 
joint reconstruction from our tree and data of Fig.!1.

Stochastic Character Mapping

In addition to joint and marginal reconstruction, a third 
important and popular method of ancestral state estima-
tion under the Mk model is the procedure called stochas-
tic character mapping (Bollback, 2006; Huelsenbeck et!al., 
2003; Revell, 2024; Revell & Harmon, 2022). Stochastic 
character mapping originally derives from a closely related 
approach called ‘mutational mapping’ (Nielsen, 2002) and 
was first generalized to phenotypic traits by Huelsenbeck!et 

P([0, 0]) = 𝜋0  P(0|0, tAB)  P(1|0, tA)  P(0|0, tB)

 P(0|0, tC) = 0.0217

P([0, 1]) = 𝜋0  P(1|0, tAB)  P(1|1, tA)  P(0|1, tB)

 P(0|0, tC) = 0.0017

P([1, 0]) = 𝜋1  P(0|1, tAB)  P(1|0, tA)  P(0|0, tB)

 P(0|1, tC) = 0.0002

P([1, 1]) = 𝜋1  P(1|1, tAB)  P(1|1, tA)  P(0|1, tB)

 P(0|1, tC) = 0.0030

C

B

A

a) marginal reconstruction

C

B

A

b) joint reconstruction

Fig. 2  a Marginal ancestral state reconstruction based on the tree and 
data of Fig.!1. b Joint ancestral reconstruction. Both reconstructions 
assume a constant value of Q, as indicated in the text. See main text 
for more details

5 In general, there will be a number km of such sets for k character 
levels and m nodes. It goes without saying that computer implemen-
tations of joint ancestral state reconstruction do not comprehensively 
enumerate all possible node state combinations to find the set that 
maximizes the likelihood!
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Models of morphological evolution

Slides adapted from Laura Mulvey (see week 11 materials)



Substitution models in molecular data

All changes equal 
Equal base frequences

Transitions ≠ Transversions  
 Unequal base frequencies

Separate rates for all sub. types 
Unequal base frequencies 
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evolution 
from this data 
is extremely 
difficult

Often small
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*4 state here as an 
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2!

Mk model



Mk extensions

+V   accounts for the fact that (usually) all characters vary 

+G  gamma model to account for rate variation 

+P   partitions the data into different rate matrices  

You can use any combination of the above! 



Tutorials 

RevBayes - Standard tree inference (more flexible than BEAST) 

                  - Total-evidence tutorial 

BEAST2    - Total-evidence tutorial 

MrBayes  - see softare manual

Tree inference using discrete morphology

9

https://revbayes.github.io/tutorials/morph_tree/
https://revbayes.github.io/tutorials/fbd/fbd_specimen
https://taming-the-beast.org/tutorials/Total-Evidence-Tutorial/
https://nbisweden.github.io/MrBayes/
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Model adequacy

Slides adapted from Laura Mulvey (see week 11 materials)



Compare the simulated trees 
and data to the empirical using 

test statistics

Posterior Predictive Simulations
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Model adequacy exercise

https://revbayes.github.io/tutorials/pps_morpho/


Ancestral state reconstruction
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See also week 4 materials, intro to PCMs, ancestral state reconstruction using continuous trait models



The objective is to reconstruct the 
ancestral states for parts of the tree 
that are not directly observable using 
data observed at the tips of the tree 

The input is usually a dated tree, with 
branch lengths in units of time - we 
usually do ASR after we have inferred 
the tree

Ancestral state reconstruction
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a molecular genomic attribute (e.g., genome size in plants, 
Wang et!al., 2021).

Our distinction between discrete or continuous charac-
ters seems relatively clear when put forward in this man-
ner. Nonetheless, as previously alluded, it may not always 
be straightforward to decide a priori whether a character 
should be coded as discretely or continuously-valued. For 
example, plumage color could be quantified numerically 
using a reflectance spectrometer or scored discretely against 
a palette containing a finite number of elements (e.g., Durán-
Castillo et!al., 2021). A meristic (counted) trait might dif-
fer discontinuously from individual to individual, but vary 
intraspecifically such that among-species differences are 
better-approximated as a continuous random variable than 
placed in discrete bins. The position of this article is that 
the best way to reconcile this paradox, and contemplate 
whether a character trait should be categorized as discrete 
or continuous, is to consider the decision to be an implicit 
component of our model: in other words, as a necessary 
approximation of reality. If our trait varies in a manner that 
is closer to discontinuous than continuous, then (as a model 
approximation) treating it as discretely-valued is probably 
most appropriate! Logically, the converse will also be true.

Discrete Characters

The Mk Model

The standard model used to study the evolution of discrete 
characters, and thus to reconstruct their ancestral values, is 
one that’s popularly known as the Mk model (Harmon, 2019; 
Lewis, 2001; Pagel, 1994, 1997). This model describes a 
continuous time Markov chain (the‘M’in Mk) with k pos-
sible states (Revell & Harmon, 2022). This Mk stochastic 
process is fully parameterized using a k  k matrix, Q, in 
which all non-diagonal elements of the matrix ( qi,j for any 
i  j ) give the instantaneous transition rates between states i 
and j, while the diagonal elements are equal to the negative 
off-diagonal row sums such that each row of the Q matrix 
adds to zero. An example value of Q for a binary discrete 
character is given below.

In this Q matrix the instantaneous forward and backward 
rates of transition between the two different levels of our 
character, 0 and 1, are q0,1 = q1,0 = 0.2 . For this example 
Q is symmetric to simplify subsequent calculations—but 
it needn’t be as a general rule! Indeed, many biological 
processes predict an asymmetry of backward and forward 

Q =

[
 q0,1 q0,1
q1,0  q1,0

]
=

[
 0.2 0.2

0.2  0.2

]

transition rates between character levels, and this is a com-
mon observation of empirical studies. The values in Q, 
q0,1 = q1,0 = 0.2 , are the rates of change in the character 
under our modeled stochastic process—meaning that, on 
average, 0.2 changes of our trait would be expected to occur 
every time interval. The waiting times between events under 
this continuous-time process will have an exponential dis-
tribution with a shape parameter determined by q0,1 and 
q1,0 , and the probability that (after some time) a change has 
occurred can be computed by integrating this distribution. 
Indeed, the matrix of probabilities that, after any arbitrary 
interval of time (given by t), our Markov process beginning 
in state i is now found in condition j can be!calculated!by 
computings the simple matrix exponential of Q  t!(Pagel, 
1997; Lewis, 2001; Harmon, 2019).

Here, each element of Pt ( pi,j for all i and j) gives the prob-
ability P(j|i, t) : in other words, the chances of being found 
in state j after time t having started the time interval in con-
dition i.

Figure!1 shows a simplified rooted phylogeny with three 
terminal taxa (A, B, and C) and two observed levels (0 and 
1) of a discrete phenotypic trait. To compute the probabil-
ity of the observed data at the tips of this tree under our 
Markov chain (Mk) model, we might begin by calculating 
Pt=0.4 , Pt=0.3 , and Pt=0.7 for our transition matrix Q. If we 
were to do so, we’d obtain the following three values. (Our 
tree has a total of four edges, but two of them have exactly 
the same total length of t = 0.3 ; Fig.!1.)

Pt = exp(Qt)

C

B

A

root

internal

tC = 0.7

tAB = 0.4

tB = 0.3

tA = 0.30 1

Fig. 1  A simple, three-taxon, rooted phylogeny with two trait val-
ues of a discrete character (0 and 1) mapped at the tips of the tree. 
The two nodes of the tree (labeled root and internal, respectively) in 
whose states we might be interested in are indicated on the figure, as 
are the lengths of the four branches of the tree. See main text for more 
detailsRevell (2025) Ancestral State Reconstruction of Phenotypic Characters

https://link.springer.com/article/10.1007/s11692-025-09645-y


Discrete traits (see week 4 for models of continuous trait evolution)

To estimate the states at internal 
nodes we can use standard models 
of character evolution, e.g., the Mk 
model (ML or Bayesian) 

Most often we are interested in the 
most likely state at each individual 
node (the marginal reconstruction, 
shown right)

Ancestral state reconstruction
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Once again, if these two quantities are rescaled by their sum, 
which is also the total likelihood (just as it was for the root 
node), we’ll have the marginal scaled likelihoods for condi-
tions 0 and 1 of P(0, 1) = [0.822, 0.178] . Figure!2a gives the 
marginal ancestral state reconstruction of our tree and data 
in Fig.!1, conditioned on the value of Q indicated earlier 
in this article. These states are shown mapped to the cor-
responding nodes of the tree using pie diagrams, as is so 
very commonly done in empirical studies that use marginal 
ancestral state reconstruction (Fig.!2a).

Just as I did when computing the total likelihood, 
above, for demonstrative purposes I’ve enumerated 
all the terms of each marginal likelihood. This would 
quickly become prohibitively complicated for even mod-
estly-sized phylogenies, so in practice computer imple-
mentations of marginal ancestral state reconstruction use 
one of various fast algorithms based on pruning to com-
pute these quantities (Felsenstein, 1981; Yang, 2006).

Joint Reconstruction

The other type of ancestral state reconstruction that we 
might perform under the Mk model, in addition to the 

P(internal = 0) = 𝜋0 × P(0|0, tAB) × P(1|0, tA)
× P(0|0, tB) × P(0|0, tC)
+ 𝜋1 × P(0|1, tAB) × P(1|0, tA) × P(0|0, tB) × P(0|1, tC)
= 0.5 × 0.0434 + 0.5 × 0.0005
= 0.0219

P(internal = 1)− = 𝜋0 × P(1|0, tAB) × P(1|1, tA)
× P(0|1, tB) × P(0|0, tC)
+ 𝜋1 × P(1|1, tAB) × P(1|1, tA) × P(0|1, tB) × P(0|1, tC)
= 0.5 × 0.0035 + 0.5 × 0.0060
= 0.0047

method of marginal ancestral state reconstruction that 
we just learned, is what’s typically referred to as joint 
reconstruction (Revell & Harmon, 2022; Yang, 2006). 
In this case, our estimated ancestral states are merely the 
set of such states that jointly maximize the probability of 
our data at the tips of the tree.

In our example from Fig.!1, there are a total of four pos-
sible sets of states at the two nodes of the phylogeny: [0, 0] , 
[0, 1] , [1, 0] , and [1, 1].5 Uncoincidentally, these four sets of 
states correspond to the four terms of our equation for the 
probability of our data ( P(0, 0, 1) ), above. In other words:

Here, P([0, 0]) gives the probability of our data at the tips 
of the tree, conditioning on both the root and single internal 
node of the tree being in states 0 and 0, respectively. The 
same interpretation can be made of P([0, 1]) , P([1, 0]) , and 
so on. From this set of values we can see that the combina-
tion of states that jointly maximizes the probability of our 
data are [0, 0]—in other words, condition 0 at both the root 
and single internal node of the tree (Fig.!1). This set thus 
becomes our joint Maximum Likelihood ancestral state esti-
mate. We could also imagine rescaling the set of probability 
values by their sum and reporting the probabilities of each 
set of states conditioned on Q—though this is not typically 
undertaken in joint reconstruction. Figure!2b illustrates the 
joint reconstruction from our tree and data of Fig.!1.

Stochastic Character Mapping

In addition to joint and marginal reconstruction, a third 
important and popular method of ancestral state estima-
tion under the Mk model is the procedure called stochas-
tic character mapping (Bollback, 2006; Huelsenbeck et!al., 
2003; Revell, 2024; Revell & Harmon, 2022). Stochastic 
character mapping originally derives from a closely related 
approach called ‘mutational mapping’ (Nielsen, 2002) and 
was first generalized to phenotypic traits by Huelsenbeck!et 

P([0, 0]) = 𝜋0  P(0|0, tAB)  P(1|0, tA)  P(0|0, tB)

 P(0|0, tC) = 0.0217

P([0, 1]) = 𝜋0  P(1|0, tAB)  P(1|1, tA)  P(0|1, tB)

 P(0|0, tC) = 0.0017

P([1, 0]) = 𝜋1  P(0|1, tAB)  P(1|0, tA)  P(0|0, tB)

 P(0|1, tC) = 0.0002

P([1, 1]) = 𝜋1  P(1|1, tAB)  P(1|1, tA)  P(0|1, tB)

 P(0|1, tC) = 0.0030

C

B

A

a) marginal reconstruction

C

B

A

b) joint reconstruction

Fig. 2  a Marginal ancestral state reconstruction based on the tree and 
data of Fig.!1. b Joint ancestral reconstruction. Both reconstructions 
assume a constant value of Q, as indicated in the text. See main text 
for more details

5 In general, there will be a number km of such sets for k character 
levels and m nodes. It goes without saying that computer implemen-
tations of joint ancestral state reconstruction do not comprehensively 
enumerate all possible node state combinations to find the set that 
maximizes the likelihood!

Revell (2025) Ancestral State Reconstruction of Phenotypic Characters

https://link.springer.com/article/10.1007/s11692-025-09645-y


We need to account for 
all possible histories - 
we can do this using a 
variant of Felsenstein’s 
pruning algorithm that 
incorporates information 
across the tree  

See Part 1, Day 1 materials

Ancestral state reconstruction
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al. (2003). Under stochastic character mapping, complete 
character histories (including character state changes along 
the branches of the tree) are randomly (in other words, “sto-
chastically”—hence the name of the method) sampled from 
their probability distribution under a model.

Stochastic character mapping is a computationally inten-
sive method. The most e!cient algorithm to generate a sin-
gle stochastic character map minimally involves two travers-
als of the tree. The first of these is a post-order (tip to root) 
“pruning” traversal in which a set of conditional likelihoods 
of each subtree is calculated for each node of the phylogeny. 
These are the set of marginal likelihoods, under our model, 
for only the data descended from a given node. Note that if 
we generate more than one stochastically mapped history for 
a given tree and value of Q, as we nearly invariably should, 
these values can be recycled across simulations and do not 
need to be recomputed. Once the root node is reached, these 
calculated quantities also correspond to the marginal likeli-
hoods at this node and sum to the total probability of our 
data under the model. A root state is randomly sampled with 
probability equal to its marginal scaled likelihoods.

Next, we undertake a pre-order tree traversal. Looking at 
each daughter node from the root, we first calculate a set of 
updated probablities (p) that each of the two or more daugh-
ters is in each state of our character. For each daughter, this 
vector of probabilities, p, is simply equal to the ith row of the 
exponentiated product of Q, the transition matrix, and the 
elapsed time of the daughter edge, multiplied element-wise 
by the vector of conditional likelihoods of the subtree for 
that node (also known as the Hadamard product)—the val-
ues that we computed in our prior post-order tree traversal. 
In other words, p = exp(Qt)i  L , in which the subscript i  
indicates the ith row of exp(Qt) ,   is the element-wise vector 
product, and L is a vector of conditional likelihoods.

We then proceed to the daughter node and randomly sam-
ple a state for it according to the probabilities given by p. We 
use simulation and rejection sampling to obtain a discrete 
character history along that edge consistent with our sam-
pled parent and daughter node states. Finally, we recursively 
traverse the phylogeny in a post-order (root to tip) fashion 
repeating this procedure for each pair of parent and daughter 
nodes. (Of course, if the daughter node is a tip then typically 
the state will be known rather than sampled probabilistically, 
but our procedure is otherwise identical.) Fig. 3 gives an 
example of ten stochastic character histories, given our phy-
logeny and data of Fig. 1 and the Q transition matrix of our 
previous sections in which q0,1 = q1,0 = 0.2 . Normally, we’d 
generate many more than ten stochastic character histories!

A single stochastic character map contains almost no 
information about evolutionary history, but a set of many 
such maps can be used to measure the posterior probabilities 
that each node is in each state of our character, as well as 
to generate an estimate of the probability distribution of the 
number of changes of each type on the tree. Indeed, when 
a single, fixed value of Q is used for stochastic mapping, 
the relative frequencies of each state at each node and the 
marginal scaled likelihoods from our previous section should 
exactly converge as the number of stochastic simulations 
goes to   (though normally they will be highly similar after 
100 or 1,000 simulations). An advantage of stochastic char-
acter mapping, however, is that it also allows us to take into 
account uncertainty in the transition process represented 
by Q. For example, it’s straightforward to sample Q from 
its Bayesian posterior distribution using MCMC, or to use 
a set of transition processes in proportion to their weights 
based on model comparison (e.g., Revell & Harmon, 2022; 
Revell, 2024).

Fig. 3  A set of ten stochastic 
character maps for the tree and 
data of Fig. 1. These stochas-
tic character histories were 
sampled in proportion to their 
probability using a constant 
value of the transition matrix Q. 
See main text for more details C
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Revell (2025) Ancestral State Reconstruction of Phenotypic Characters

https://link.springer.com/article/10.1007/s11692-025-09645-y
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The fitted model parameters, log-likelihoods, and model 
weights are given in Table!1. Our analysis indicates much 
higher model weight (0.93 vs.!0.07) for the ARD compared 
to the ER model. Consequently, I used only this model for 
our subsequent joint ancestral state reconstruction, given in 
Fig.!6.6

Joint reconstruction involves a key difference in interpre-
tation compared to marginal reconstruction. Now, we can 
no longer point to a particular node and say that the most 
probable state is ‘spiny’ or ‘non-spiny.’ Rather, we might say 
that “in the most probable joint reconstruction, the ancestral 
condition at the global root was non-spiny,” or something 
to that effect. Since researchers more often wish to be able 

to make specific statements about particular nodes (rather 
than the most probable set of conditions across all nodes), 
marginal reconstruction tends to be the much more popular 
of these two techniques among comparative biologists.

Stochastic Character Mapping: Leaf Armature in Palms

To demonstrate stochastic character mapping, I used a recent 
dataset and phylogeny published by Onstein et!al. (2022). 
In this example, the phylogeny contains a total of 2,539 tree 
species from the family Arecaceae (the palms), and data for 
the presence of absence of leaf armature (spines, hooks, or 
prickles on the palm leaves) for all but 120 of these taxa. 
The trait data of this study were compiled by Onstein et!al. 
(2022) from the PalmTraits 1.0 database (Kissling et!al., 
2019), and the palm phylogeny is derived from an earlier 
tree by Faurby et!al. (2016).

To begin, I re-coded all data deficient species (which had 
been left out by Onstein et!al., 2022) as ambiguous for the 
trait of leaf armature, and then I proceeded to fit a total of 
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Fig. 5  Model-averaged marginal ancestral state reconstruction of diel 
activity pattern in primates, integrating over the four models of Fig.!4 
in proportion to their Akaike weights. Nodes in which no single con-

dition had a model-averaged marginal scaled likelihood > 0.95 are 
shown in larger size. The data and phylogeny for this analysis derive 
from Kirk and Kay (2004). See main text for more details

Table 1  Estimated transition rates, log-likelihood, number of parameters, AIC, and model weight for two different discrete character evolution 
models for the evolution of the presence or absence of tail spines in lizards

The phylogeny used in this analysis is based on Pyron et!al. (2013), and the data were compiled by Ramm et!al. (2020). See main text for more 
details

q0,1 q1,0 log(L) d.f AIC Weight

ER model 0.00152 0.00152 −123.5618 1 249.1235 0.0688
ARD model 0.00059 0.01112 −119.9564 2 243.9129 0.9312

6 An interesting ‘footnote’ (get it?) to this result is that the ML joint 
reconstruction at the global root of the tree is ‘non-spiny,’ but in an 
analogous marginal reconstruction the most probable condition for 
the same node was ‘spiny.’ I haven’t included this analysis here, but 
the reader is encouraged to download the data and discover this for 
themselves!

Diel activity pattern in primates, Revell (2025) Ancestral State Reconstruction of Phenotypic Characters

https://link.springer.com/article/10.1007/s11692-025-09645-y
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The nature of the last universal common 
ancestor and its impact on the early  
Earth system

Edmund R. R. Moody    1  , Sandra Álvarez-Carretero    1, 
Tara A. Mahendrarajah    2, James W. Clark3, Holly C. Betts1, 
Nina Dombrowski    2, Lénárd L. Szánthó    4,5,6, Richard A. Boyle7, Stuart Daines7, 
Xi Chen    8, Nick Lane    9, Ziheng Yang    9, Graham A. Shields    8, 
Gergely J. Szöllősi5,6,10, Anja Spang    2,11, Davide Pisani    1,12  , 
Tom A. Williams    12  , Timothy M. Lenton    7   & Philip C. J. Donoghue    1 

The nature of the last universal common ancestor (LUCA), its age and its impact 
on the Earth system have been the subject of vigorous debate across diverse 
disciplines, often based on disparate data and methods. Age estimates for LUCA 
are usually based on the fossil record, varying with every reinterpretation. 
The nature of LUCA’s metabolism has proven equally contentious, with some 
attributing all core metabolisms to LUCA, whereas others reconstruct a 
simpler life form dependent on geochemistry. Here we infer that LUCA lived 
~4.2 Ga (4.09–4.33 Ga) through divergence time analysis of pre-LUCA gene 
duplicates, calibrated using microbial fossils and isotope records under a 
new cross-bracing implementation. Phylogenetic reconciliation suggests 
that LUCA had a genome of at least 2.5 Mb (2.49–2.99 Mb), encoding around 
2,600 proteins, comparable to modern prokaryotes. Our results suggest 
LUCA was a prokaryote-grade anaerobic acetogen that possessed an 
early immune system. Although LUCA is sometimes perceived as living in 
isolation, we infer LUCA to have been part of an established ecological system. 
The metabolism of LUCA would have provided a niche for other microbial 
community members and hydrogen recycling by atmospheric photo-
chemistry could have supported a modestly productive early ecosystem.

The common ancestry of all extant cellular life is evidenced by the uni-
versal genetic code, machinery for protein synthesis, shared chirality 
of the almost-universal set of 20 amino acids and use of ATP as a com-
mon energy currency1. The last universal common ancestor (LUCA) is 
the node on the tree of life from which the fundamental prokaryotic 
domains (Archaea and Bacteria) diverge. As such, our understanding of 
LUCA impacts our understanding of the early evolution of life on Earth. 
Was LUCA a simple or complex organism? What kind of environment did 

it inhabit and when? Previous estimates of LUCA are in conflict either 
due to conceptual disagreement about what LUCA is2 or as a result of dif-
ferent methodological approaches and data3–9. Published analyses dif-
fer in their inferences of LUCA’s genome, from conservative estimates of 
80 orthologous proteins10 up to 1,529 different potential gene families4. 
Interpretations range from little beyond an information-processing 
and metabolic core6 through to a prokaryote-grade organism with 
much of the gene repertoire of modern Archaea and Bacteria8, recently 
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Fig. 1 | Timetree inferred under a Bayesian node-dating approach with cross-
bracing using a partitioned dataset of five pre-LUCA paralogues. Our results 
suggest that LUCA lived around 4.2 Ga, with a 95% confidence interval spanning 
4.09–4.33 Ga under the ILN relaxed-clock model (orange) and 4.18–4.33 Ga under 
the GBM relaxed-clock model (teal). Under a cross-bracing approach, nodes 
corresponding to the same species divergences (that is, mirrored nodes) have 

the same posterior time densities. This figure shows the corresponding posterior 
time densities of the mirrored nodes for the last universal, archaeal, bacterial 
and eukaryotic common ancestors (LUCA, LACA, LBCA and LECA, respectively); 
the last common ancestor of the mitochondrial lineage (Mito-LECA); and the last 
plastid-bearing common ancestor (LPCA). Purple stars indicate nodes calibrated 
with fossils. Arc, Archaea; Bac, Bacteria; Euk, Eukarya.
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subset of 399 KOs that were likely to be present in LUCA, with PPs ≥0.75, 
and found in both Archaea and Bacteria (Supplementary Data 1); these 
families form the basis of our metabolic reconstruction. However, by 
integrating over the inferred PPs of all KO gene families, including 
those with low probabilities, we also estimate LUCA’s genome size. Our 
predictive model estimates a genome size of 2.75 Mb (2.49–2.99 Mb) 
encoding 2,657 (2,451–2,855) proteins (Methods). Although we can 
estimate the number of genes in LUCA’s genome, it is more difficult to 
identify the specific gene families that might have already been present 
in LUCA based on the genomes of modern Archaea and Bacteria. It is 
likely that the modern version of the pathways would be considered 
incomplete based on LUCA’s gene content through subsequent evolu-
tionary changes. We should therefore expect reconstructions of meta-
bolic pathways to be incomplete due to this phylogenetic noise and 
other limitations of the analysis pipeline. For example, when looking 
at genes and pathways that can uncontroversially be mapped to LUCA, 
such as the ribosome and aminoacyl-tRNA synthetases for implement-
ing the genetic code, we find that we map many (but not all) of the  
key components to LUCA (see ‘Notes’ in Supplementary Information). 
We interpret this to mean that our reconstruction is probably incom-
plete but our interpretation of LUCA’s metabolism relies on our infer-
ence of pathways, not individual genes.

The inferred gene content of LUCA suggests it was an anaerobe 
as we do not find support for the presence of terminal oxidases (Sup-
plementary Data 1). Instead we identified almost all genes encoding 
proteins of the archaeal (and most of the bacterial) versions of the 
Wood–Ljungdahl pathway (WLP) (PP > 0.7), indicating that LUCA had 
the potential for acetogenic growth and/or carbon fixation53–55 (Sup-
plementary Data 3). LUCA encoded some NiFe hydrogenase subunits 
(K06281, PP = 0.90; K14126, PP = 0.92), which may have enabled growth 

on hydrogen (see ‘Notes’ in Supplementary Information). Complexes 
involved in methanogenesis such as methyl-coenzyme M reductase 
and tetrahydromethanopterin S-methyltransferase were inferred to 
be absent, suggesting that LUCA was unlikely to function as a modern 
methanogen. We found strong support for some components of the 
TCA cycle (including subunits of oxoglutarate/2-oxoacid ferredoxin 
oxidoreductase (K00175 and K00176), succinate dehydrogenase 
(K00239) and homocitrate synthase (K02594)), although some steps 
are missing. LUCA was probably capable of gluconeogenesis/glyco-
lysis in that we find support for most subunits of enzymes involved 
in these pathways (Supplementary Data 1 and 3). Considering the 
presence of the WLP, this may indicate that LUCA had the ability to 
grow organoheterotrophically and potentially also autotrophically. 
Gluconeogenesis would have been important in linking carbon fixa-
tion to nucleotide biosynthesis via the pentose phosphate pathway, 
most enzymes of which seem to be present in LUCA (see ‘Notes’ in 
Supplementary Information). We found no evidence that LUCA was 
photosynthetic, with low PPs for almost all components of oxygenic 
and anoxygenic photosystems (Supplementary Data 3).

We find strong support for the presence of ATP synthase, speci-
fically, the A (K02117, PP = 0.98) and B (K02118, PP = 0.94) subunit 
components of the hydrophilic V/A1 subunit, and the I (subunit a, 
K02123, PP = 0.99) and K (subunit c, K02124, PP = 0.82) subunits of 
the transmembrane V/A0 subunit. In addition, if we relax the sampling 
threshold, we also infer the presence of the F1-type #-subunit (K02112, 
PP = 0.94). This is consistent with many previous studies that have 
mapped ATP synthase subunits to LUCA6,17,18,56,57.

We obtain moderate support for the presence of pathways for 
assimilatory nitrate (ferredoxin-nitrate reductase, K00367, PP = 0.69; 
ferredoxin-nitrite reductase, K00367, PP = 0.53) and sulfate reduction 
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and metabolism
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terpenoids and
polyketides

Carbohydrate
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Nucleotide
metabolism Metabolism of

cofactors and vitamins
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metabolites

Amino acid
metabolism

Xenobiotics biodegradation
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Energy
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Fig. 2 | Probabilistic estimates of metabolic networks from modern life that 
were present in LUCA. In black: enzymes and metabolic pathways inferred to 
be present in LUCA with at least PP = 0.75, with sampling in both prokaryotic 
domains. In grey: those inferred in our least-stringent threshold of PP = 0.50.  

The analysis supports the presence of a complete WLP and an almost complete 
TCA cycle across multiple confidence thresholds. Metabolic maps derived  
from KEGG47 database through iPath109. GPI, glycosylphosphatidylinositol;  
DDT, 1,1,1-trichloro-2,2-bis(p-chlorophenyl)ethane .



Ancestral state reconstruction for discrete & continuous traits Liam 
Revell 

Phylogenetic Comparative Methods: A Practical Introduction Natalie 
Cooper (Section 3.2) 

Ancestral State Reconstruction of Phenotypic Characters Liam Revell

Resources for ancestral state reconstruction

20

https://www.youtube.com/watch?v=VDQ-9fwtlqc
https://nhcooper123.github.io/pcm-primer/
https://nhcooper123.github.io/pcm-primer/foundations2.html#modelling-discrete-traits---simple-models
https://link.springer.com/article/10.1007/s11692-025-09645-y


Tutorials 

RevBayes - Equal rates model + many other options (see main tutorial page) 

BEAST2    - stochastic character mapping via BDMMPrime (more advanced) 

            R    - geiger (see exercise 11, week 7), phytools (see associated blog)

Tree inference using discrete morphology

21

https://revbayes.github.io/tutorials/morph_ase/ase
https://revbayes.github.io/tutorials/
https://tgvaughan.github.io/BDMM-Prime/#id-1-Introduction
https://nhcooper123.github.io/pcm-primer-online/discrete.html#models-of-evolution-for-discrete-traits
https://blog.phytools.org


A very brief intro to biogeography

22
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• How has biography shaped evolution? 

• How has Earth history shaped biogeography? 

• When and where do major lineages originate? 

• How do biogeographic processes vary across lineages? 

• How do dispersal (migration), speciation, and extinction shape 
biogeographic patterns

24

Adapted from Michael Landis (2026)

https://www.youtube.com/watch?v=-bPli_qmfw4


The aim is to reconstruct biogeographic 
history using data observed at the tips of 
the tree 

Related objectives: 

• Reconstructing biogeography and 
ancestral ranges  

• Exploring the link between biography 
and diversification (λ, μ) 

• Biogeographic dating

Phylogenetic 
biogeography

25

2026 LANDIS ET AL. - EVOLVING VIEW OF PHYLOGENETIC BIOGEOGRAPHY 3

F!gur% 1. Anatomy of a simple phylogenetic biogeography analysis. Panel A: Two alternative paleogeographic scenarios (G1 , G2 ) portray 
relationships among three discrete regions (A, red; B, blue; C, magenta) across three time periods (T1 , T2 , T3 ). Under scenario G1 , regions A and 
B are connected during T1 ; a barrier forms between A and B and an isolated region C emerges during T2 ; and the barrier between A and B erodes 
away during T3 . Under scenario G2 , regions A, B, and C are connected during T1 ; a barrier forms only between A and B during T2 ; and the bar- 
rier for A and B erodes away while the land bridge between B and C submerges, forming a barrier, during T3 . Panel B : A realized biogeographic 
scenario depicting how lineages disperse, speciate, and go extinct among the three regions over time according to the paleogeographic scenar- 
ios shown in Panel A and through various sequences of anagenetic and cladogenetic events ( Panels C-D ). Color(s) of lineages indicate which 
region(s) they occupy. Terminal species are annotated with their ranges (the region(s) they occupy) or an ‘x’ if the species went extinct. Particular 
events (circled letters) are associated with different diversi&cation scenarios ( Panel D ). Panel C : Anagenetic and cladogenetic events change the 
geographic distribution of a species relative to their ancestor and/or result in the formation of new species. Events from several methods are 
represented. Panel D : Association of different diversi&cation scenarios with events in biogeographic scenario (circled letters in Panel B ) under 
alternative paleogeographic scenarios ( Panel A). Vicariance is favored if a new barrier causes a widespread species to split in two. Founder event 
speciation is favored if a species disperses over a barrier and then splits in two, or in the case of direct dispersal. Progression rule is supported 
when a new species disperses away from its center of origin. The Appendix contains de&nitions for terms. 

D
ow

nloaded from
 https://academ

ic.oup.com
/sysbio/advance-article/doi/10.1093/sysbio/syag042/8698256 by Erlangen N

uernberg U
niversity user on 30 June 2026

Landis et al. (2026)

https://academic.oup.com/sysbio/advance-article/doi/10.1093/sysbio/syag042/8698256


Each set of occupied areas 
represents a character state, 
e.g., 00, 01, 11, 10  

Anagenetic events are 
modelled using a standard 
rate (Q) matrix   

Cladogenetic events modelled 
using a probability (P) matrix

The Dispersal-Extinction-Cladogenesis (DEC) model

26

https://revbayes.github.io/tutorials/biogeo/biogeo_intro

https://revbayes.github.io/tutorials/biogeo/biogeo_intro


Also known as multi-type birth death process models

2 types, type 1 & type 2 

λ1 & λ2 — birth rates 

μ1 & μ2 — death rates 

ρ — extant species sampling probability

State-dependent speciation-extinction (SSE) models

27

Mul�-type birth-death (MTBD) process

0

2 types, type 1 & type 2

λ1 & λ2 — birth rates

μ1 & μ2 — death rates

ρ — extant species

         sampling probability

See also week 4 materials, intro to PCMs, ancestral state reconstruction using continuous trait models
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GeoZentrum Nord Bayern Rachel C M Warnock

A. B.

Migration

λ1,1 μ1,1 ψ1,1
λ2,1 μ2,1 ψ2,1

λ1,2 μ1,2 ψ1,2
λ2,2 μ2,2 ψ2,2

λ1,3 μ1,3 ψ1,3
λ2,3 μ2,3 ψ2,3

time

Figure 1: The multi-type birth-death process can account for geographic processes (shown in
A.). This allows us to calculate speciation (�), extinction (µ) and sampling ( ) in di↵erent regions
and time periods (shown in B.), as well as the timing of speciation and migration events.

death (MTBD) model3 is an extension that additionally includes migration (Fig. 1). Species are

allowed to migrate between regions, each associated with a distinct set of parameters, thus allowing

for the data to be spatially structured. To date, this model has only been applied to study virus

evolution4.

Objectives

Scientifically, the objectives of this postdoctoral project are (i) to explore the need to account for

spatial structure in the estimation of key evolutionary parameters (times, rates, trees) using forward

simulations, (ii) to examine the fit of existing models to palaeobiological data using a novel posterior

predictive simulation approach, and (iii) to apply the existing MTBD model to an empirical case

study using corals, providing insights into the impact of Cenozoic climate perturbations.

Strategically, the project will (i) spur the establishment of an e↵ective working group for Prof.

Warnock, (ii) provide essential preliminary work for an ERC grant application and the development

of the established Research Unit TERSANE (FOR 2332) into a Collaborative Research Centre

(SFB) focusing at climate impacts across spatio-temporal scales, and (iii) help establish links to

other departments in the Science Faculty (e.g., Biology, Computer Science and Mathematics) and

across faculties (e.g. Medicine).

3Kühnert et al. 2016. Molecular Biology & Evolution, Phylodynamics with migration: a computational
framework to quantify population structure from genomic data.

4Nadeau et al. 2020. medRxiv, The origin and early spread of SARS-CoV-2 in Europe.

2



Joint phylogenetic estimation of 
geographic movements and biome shifts

29

Landis et al. (2023) Systematic Biology

Example

https://onlinelibrary.wiley.com/doi/full/10.1111/pala.12679


Study background

30



Data

163 extant species (127 with DNA) 

5 fossils (with taxonomic 
constraints) 

6 geographic areas 

4 biomes 

Global diversity of Viburnum
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FIGURE 1. Global diversity of Viburnum across six areas and four biomes. Areas are marked with colored polygons for Southeast Asia
(magenta), East Asia (red), Europe (green), North America (yellow), Central America and Mexico (cyan), and South America (blue). Counts of
local species with biome affinities are reported for each area with pie charts, with the area of each chart the corresponding to the total number
of local species. Biomes are colored as tropical (red), warm temperate/lucidophyllous (green), cloud forest (sky blue), and cold temperate forest
(dark blue). The locations and biomes for the five fossil pollen specimens are represented with smaller markers with black borders.

species. Raw RAD-seq data have been submitted to NCBI
SRA under project number PRJNA605569. Supplement
2 (available on Dryad) details how the raw RAD-seq
data were generated and how they were assembled with
ipyrad v.0.7.13 (Eaton 2014).

The RAD-seq topology for the 127 Viburnum and
outgroup species was inferred under a concatenated
GTR+Gamma model using RAxML (Stamatakis 2014).
Outgroup species were then pruned from the estimated
tree to yield the topology for 118 of ∼163 (72%) Viburnum
species. Nodes with equivocal bootstrap support (P<
0.99) were collapsed into polytomies, resulting in the
RAD-seq backbone topology used in Stage 2.

Stage 2: Joint Bayesian Macroevolutionary Inference
We constructed a phylogenetic model to jointly estim-

ate species relationships, divergence times, fossil ages,
biogeographical histories, and biome shifts. Below, we
first describe the data used for Stage 2, and then the
components of the macroevolutionary model.

Molecular sequences for 153 of ∼163 (94%) extant spe-
cies were used to estimate species relationships among
35 lineages that were not topologically constrained and
to estimate all phylogenetic divergence times under a
relaxed clock model. For this, we assembled previously
published sequences for 138 extant viburnums for nine

chloroplast genes (matK, ndhF, petBD, psbA, rbcL, rpl32,
trnC, trnK, and trnSG) and one nuclear ribosomal marker
(ITS). We then replaced 34 of those sequences that ori-
ginated from herbarium or botanical garden specimens
with new sequences extracted from field specimens that
we collected. In addition, we sequenced 15 previously
unsequenced species for this study, bringing the total
number of species for these data to 153. The final matrix
contained 22.6% missing cells. All taxa in the Stage 1
RAD-seq data set were also represented in this Stage
2 cpDNA data set. Sequences were aligned in Muscle
then manually adjusted in AliView as needed. Sequence
accession numbers are given in Supplement 3 (available
on Dryad).

Geographical regions and biome affinities were scored
for all 163 extant species and for the 5 fossil specimens.
All species ranges were coded into one or more of six
discrete areas: Southeast Asia, Eastern Asia, Europe,
North America, Central America, and South America.
These areas are meant to reflect the major centers of
endemism for plant clades distributed around the North-
ern Hemisphere (Laurasian distributions); however, we
omitted Western North America as only one species of
Viburnum (V. ellipticum) is endemic to that region. We
subdivided Asia into Eastern and Southeastern regions
to reflect patterns of endemism in Viburnum, especially
the distribution of a number of lineages in Southeast Asia
(Vietnam, Malaysia, Indonesia, and the Philippines).
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• Can we integrate geographic range and biome data into 
analysis using the FBD model? 

• What can we learn about the diversification history of the 
Viburnum?

32



Analysis

1. Estimate the extant topology using maximum likelihood 

2. Joint inference divergence times, biogeographic and biome history  
(normally we first infer a dated tree, and then separately infer 
biogeographic history) 

3. Ancestral state reconstruction  

4. + various sensitivity analyses

33
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FIGURE 3. Viburnum ancestral ranges estimated from the Complete data set. Node colors correspond to range states (legend). Only the three
most probable range states are reported for each node, while all less probable states are grouped together under the “...” label and colored gray.
A) Range probabilities for the ancestral range and the daughter ranges at each internal node with pie charts. Taxon labels for unsequenced extant
taxa are colored gray. B) A subsample of stochastic mappings for the same six posterior samples as shown in Figure 4.
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FIGURE 4. Viburnum ancestral biomes estimated from the Complete data set. Node colors correspond to forest biome affinity states (legend). A)
Probabilities are given by pie charts at nodes. Taxon labels for unsequenced extant taxa are colored gray. B) A subsample of stochastic mappings
for the same six posterior samples as shown in Figure 3.
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Results summary

• Joint inference using the FBD and 
biogeographic models allows us to 
estimate a rich diversification history 

• Major lineages of Viburnum likely 
originated in warm / temperate 
regions and later adapted to the cold 

• Fossils can change the results
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FIGURE 5. Viburnum biome and biogeography state frequencies through time taxa as estimated from the Complete data set. Subplots in the left
column report the frequency of lineages across biome states given for all lineages with sampled descendants found within a particular region.
Subplots in the right column are similar, except they report regional frequencies across lineages given a particular biome state. Time bins with
too few posterior samples to guarantee accurate frequency estimates were marked as empty (see main text).

probable than any nonfreezing biome (pp < 0.50) until
the degree to which missing data favors freezing forests
is high (Pr(Xroot =Cold)=0.82). Only when we assume
that any missing data are extremely biased toward a
freezing origin for Viburnum (Pr(Xroot =Cold)=0.99) do
we confidently estimate such a cold origin (pp > 0.95).

Biome and Biogeography State Frequencies
Reconstructed Viburnum lineages resided in different

biomes depending on their ages and on the regions that
they occupied, all of which varied over time (Fig. 5).
Lineages that are 50 Ma or older generally inhabited
warm temperate forests, particularly throughout the
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Phylogenetic models of historical biogeography Michael Landis 
Funk Biogeography Seminar Series 

An Evolving View of Phylogenetic Biogeography Landis et al. (2026)

Further reading
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https://www.youtube.com/watch?v=-bPli_qmfw4
https://academic.oup.com/sysbio/advance-article-abstract/doi/10.1093/sysbio/syag042/8698256


Tutorials 

RevBayes - DEC model + many other options (see main tutorial page) 

           R     - BioGeoBears

Phylogenetic biogeography
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https://revbayes.github.io/tutorials/biogeo/biogeo_intro
https://revbayes.github.io/tutorials/
http://phylo.wikidot.com/biogeobears


“It is, it must be admitted, a humbling task to infer ancient events, and the 
results in many cases are tenuous at best. Given the obvious limitations of 
working with extant species and few, if any, fossils, it is necessary to integrate 
all of the available sources of evidence if we hope to produce assuring 
answers.”
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Landis et al. (2023) Systematic Biology

https://onlinelibrary.wiley.com/doi/full/10.1111/pala.12679


Course evaluation
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