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Some groups of organisms are much 
more diverse than others



Some geographical regions are much 
more diverse than others



Fan et al. 2019 Science

Some time periods are much more 
diverse than others



GG Simpson

This is a consequence of variation in 
speciation and extinction rates



Phylogenies of extant organisms contain 
information about these rates

Nee et al. 1994 PTRS



Phylogenies of extant organisms contain 
information about these rates

Nee et al. 1994 PTRS Nee 2006 AREES
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Can also compare alternative models 
with different diversification histories

Morlon et al. 2014 Ecol Lett
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Thousands of studies have estimated 
speciation and extinction rates from 
molecular phylogenies — what have we 
learned? 



There is abundant variation in rates of 
species and extinction

Ramirez-Barahona et al. 2020 Nature Eco Evo Jetz et al. 2012 Nature



Diversification happens where the 
species are not

Weir and Schluter 2007 Science; Schluter and Pennell 2017 Nature

Dolph Schluter



Rabosky et al. 2018 Nature



Rabosky et al. 2018 Nature



Diversification rates are fastest in young 
radiations

Francisco Henao Diaz
PhD Student

Mauro Sugawara
PhD Student

Henao Diaz, Harmon, Sugawara, Miller, and Pennell 2019 PNAS



Henao Diaz, Harmon, Sugawara, Miller, and Pennell 2019 PNAS

fEstimated speciation and extinction rates from
104 previously published phylogenies…



Henao Diaz, Harmon, Sugawara, Miller, and Pennell 2019 PNAS

…and from 51 fossil time series



Henao Diaz, Harmon, Sugawara, Miller, and Pennell 2019 PNAS
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What exactly are we doing when we 
estimate rates of diversification

Stochastic 
Process X

𝜃𝜃 Observed Data
(Phylogenetic tree shape)



What exactly are we doing when we 
estimate rates of diversification

Stochastic 
Process X

𝜃𝜃 Observed Data

Inference
What are the parameters 𝜃𝜃
of Process X that are most 
consistent with the data?

𝑋𝑋(𝜃𝜃)



Phylogenies of extant organisms contain 
information about these rates

Nee et al. 1994 PTRS Nee 2006 AREES
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Stochastic 
Process Y

𝜃𝜃 Observed Data

What if we are (even slightly) wrong about the 
process that generated the data?   
Would we still get a reasonable answer for 𝜃𝜃? 
And could we know if we did not?

𝑋𝑋(𝜃𝜃)



This has been examined using…
Simulations Case Studies

Rabosky 2010 Evolution Steeman et al. 2009 Sys Bio; Quental and Marshall 2010 TREE



Can we say anything more generally? 

Stilianos Louca
BRC Postdoc 
(now Oregon)



Consider a model where speciation (λ) 
and extinction (μ) rates vary through time    

For example:

𝜆𝜆 𝑡𝑡 = 𝜆𝜆0 + 𝛽𝛽𝑡𝑡
speciation rates change linearly with time

𝜇𝜇 𝑡𝑡 = 𝜇𝜇
extinction rates are constant



Likelihood : Pr(Observing Data | Process X, Parameters 𝜃𝜃)  

Stochastic 
Process X

𝜃𝜃 Observed Data

Inference
What are the parameters 𝜃𝜃
of Process X that are most 
consistent with the data?

𝑋𝑋(𝜃𝜃)



Birth-Death 
Process

𝜆𝜆,𝛽𝛽, 𝜇𝜇 Observed Data

𝑋𝑋(𝜃𝜃)

𝜆𝜆 𝑡𝑡 = 𝜆𝜆0 + 𝛽𝛽𝑡𝑡

𝜇𝜇 𝑡𝑡 = 𝜇𝜇

Likelihood : 
Pr(Observing Data | Birth-Death Process, Parameters)  



Likelihood : 
Pr(Observing Data | Birth-Death Process, Parameters)  

Birth-Death 
Process

𝜆𝜆,𝛽𝛽, 𝜇𝜇 Phylogenetic tree

𝑋𝑋(𝜃𝜃)

𝜆𝜆 𝑡𝑡 = 𝜆𝜆0 + 𝛽𝛽𝑡𝑡

𝜇𝜇 𝑡𝑡 = 𝜇𝜇

Well-established formulas for calculating this likelihood



But…we discovered an alternative way to 
obtain the likelihood of a tree given a BD model

𝜆𝜆 − 𝜇𝜇

𝜆𝜆

The likelihood of any 
diversification model can be 
computed directly from the 
curvature of the “deterministic” 
lineage-through-time plot  
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Any two models with the same 
“deterministic” lineage-through-
time plot will have the same 
likelihood 

But…we discovered an alternative way to 
obtain the likelihood of a tree given a BD model



𝜆𝜆 − 𝜇𝜇

𝜆𝜆

The likelihood of any 
diversification model can be 
computed directly from the 
curvature of the “deterministic” 
lineage-through-time plot  

Any two models with the same 
“deterministic” lineage-through-
time plot will have the same 
likelihood 

We call any two models congruent
– they cannot ever be distinguished 
using any dataset 

But…we discovered an alternative way to 
obtain the likelihood of a tree given a BD model



“Congruent” model sets all share the 
same mathematical properties
Any two scenarios – where speciation rate (𝜆𝜆) and extinction rate 
(𝜇𝜇) vary through time according to some function – will have the 
same likelihood if

𝑟𝑟𝑝𝑝 = 𝜆𝜆 − 𝜇𝜇 +
1
𝜆𝜆
𝑑𝑑𝜆𝜆
𝑑𝑑𝑡𝑡

𝜆𝜆0𝜌𝜌

are both the same. Many different scenarios will satisfy this.

Describes the rates + 
change in rates over time

Speciation rate at the 
present X sampling rate

Louca and Pennell 2020 Nature



Can use our 
math to find 
congruent sets 
of models

Different 
combinations of 
changes in 
speciation and 
changes in 
extinction are 
indistinguishable 
from one another

Louca and Pennell 2020 Nature



Congruent diversification models can lead to opposite conclusions

Louca and Pennell 2020 Nature



Congruent diversification models can lead to opposite conclusions

Louca and Pennell 2020 Nature

And again, you can never distinguish these using phylogenetic data!



Louca and Pennell 2020 Nature



Model congruency explains widespread 
reports of zero extinction rates

Louca and Pennell 2020 in review PNAS



This is a real challenge for the field

And frankly we may not be able to answer 
many of the questions we hoped we could…



We can estimate recent speciation
rates reasonably well…

Weir and Schluter 2007 Science; Schluter and Pennell 2017 Nature

Dolph Schluter



And we can use simple, old-school to 
answer our questions

>

>



Does living in close association with 
other species spur diversification?

Katrina Kaur
PhD Student

Laura Parfrey

Florent Mazel
Postdoc
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Jetz et al. 2012 Nature



Gavryushkina et al. 2014 Sys Bio



All lineages sampled at the present
Lineages sampled at different times

Worobey et al. 2020 ScienceJetz et al. 2012 Nature



SIR model

susceptible

S
infected

I
recovered

R



Re effective reproductive number

susceptible

S
infected

I
recovered

R𝛽𝛽𝛽𝛽𝛽𝛽 𝛾𝛾

𝑑𝑑𝛽𝛽
𝑑𝑑𝑡𝑡

= 𝛽𝛽𝛽𝛽𝛽𝛽 − 𝛾𝛾𝛽𝛽 > 𝟎𝟎
?

𝛽𝛽 >
𝜸𝜸
𝜷𝜷 𝑅𝑅𝑒𝑒 𝑡𝑡 =

𝛽𝛽
𝛾𝛾
𝛽𝛽 𝑡𝑡 > 𝟏𝟏



SIR model with sampling

susceptible

S
infected

I
recovered

R𝛽𝛽𝛽𝛽𝛽𝛽 𝛾𝛾

sampled 
infected

I*

known 
recovered

R*

𝜓𝜓 𝜓𝜓



Fitting SIR models with case data
N

ew
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SIR models are hard to parameterize!
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s

De
at
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SIR model -> Birth-Death-Sampling [BDS] model

susceptible

S
infected

I
recovered

R
𝝀𝝀 = 𝜷𝜷𝜷𝜷𝜷𝜷 𝝁𝝁 = 𝜸𝜸

sampled 
infected

I*

𝝍𝝍“Birth” “Sampling”

“Death”

we collect viral genomes 
from sampled infected 

hosts

known 
recovered

R*



Applications to HIV
HIV in the UK

𝑹𝑹𝒆𝒆 = 𝝀𝝀
𝝁𝝁 +𝝍𝝍

𝑵𝑵𝒆𝒆 = 𝜷𝜷

𝜹𝜹 = 𝝁𝝁

𝒔𝒔 = 𝝍𝝍
𝝁𝝁 +𝝍𝝍

𝒕𝒕𝒕𝒕𝒕𝒕𝒆𝒆

S I R
𝝀𝝀 𝝁𝝁

I*

𝝍𝝍



Are these results relevant for inference of 
epidemiological dynamics?

Louca and Pennell 2020 Nature



Ailene MacPherson
Postdoc

Stilianos Louca
BRC Postdoc (now Oregon)

Angela McLaughlin
PhD Student UBC Bioinformatics

Jeff Joy
Asst. Prof. UBC Medicine



But…a big technical challenge remained…

• In order to explore the geometrical landscape of all possible BDS 
models, we need a way to compute likelihoods for arbitrarily 
complex models

• For the case of macroevolution (extant only) these probabilities 
had previously been worked on by previous researchers

• Morlon et al. 2011 PNAS + Lambert and Stadler 2013 Theor. Pop. Bio.

• For the viral and fossil case (sampling through time) nobody had 
figured out how to do this for the general case. 

• Plus there are many variants of these models in the literature and 
we wanted our results to be relevant to all of these -- we had to 
rederive all the models out there using a common formalism.



S I R
𝝀𝝀𝒕𝒕 𝝁𝝁𝒕𝒕

I*

𝝍𝝍𝒕𝒕

R*

Present 
day

Epidemic 
Origin hidden 

birth

sampled 
ancestors

birth

sample

death

sample at 
present

Likelihood Inference?

MacPherson, Louca, McLaughlin, Joy, and Pennell Bior𝜒𝜒iv (in review PNAS)  



Model Likelihood

Conditioning
Root

present-day 
samples

Births and 
edges

Sampled tips
+ non-observed 

edges

Sampled 
ancestors

MacPherson, Louca, McLaughlin, Joy, and Pennell BioR𝜒𝜒iv (in review PNAS)  
Louca and Pennell 2020 Systematic Biology



Special Assumptions: Sampling

Present 
day

Epidemic 
Origin

sampled 
ancestors

birth

sample

death

sample at 
present

Concerted Sampling 
Attempt

(CSA)



Special Assumptions: Conditioning

Present 
day

Epidemic 
Origin

sampled 
ancestors

birth

sample

death

sample at 
present

MRCA



Morlon 2011

Gravyushkina et 
al.

2014

Stadler et al. 2013

Stadler 2010

Stadler et al. 2012

+ +

+

or

or or

Heath et al. 2014 +

Relationships between existing BD models



“Congruent” model sets all share the 
same mathematical properties
Any two scenarios – where speciation rate (𝜆𝜆) and extinction rate 
(𝜇𝜇) vary through time according to some function – will have the 
same likelihood if

𝑟𝑟𝑝𝑝 = 𝜆𝜆 − 𝜇𝜇 +
1
𝜆𝜆
𝑑𝑑𝜆𝜆
𝑑𝑑𝑡𝑡

𝜆𝜆0𝜌𝜌

are both the same. Many different scenarios will satisfy this.

Describes the rates + 
change in rates over time

Speciation rate at the 
present X sampling rate

Louca and Pennell 2020 Nature

MACRO CASE



“Congruent” model sets all share the 
same mathematical properties
Any two scenarios – where speciation rate (𝜆𝜆) and extinction rate 
(𝜇𝜇) vary through time according to some function – will have the 
same likelihood if

𝑟𝑟𝑝𝑝 = 𝜆𝜆 − 𝜇𝜇 +
1
𝜆𝜆
𝑑𝑑𝜆𝜆
𝑑𝑑𝑡𝑡

are both the same. Many different scenarios will satisfy this.

Describes the rates + 
change in rates over time

Louca and Pennell 2020 Nature

MACRO CASE

2 parameters but 1 
curve through time



“Congruent” model sets all share the 
same mathematical properties
Any two scenarios – where speciation rate (𝜆𝜆) and extinction rate 
(𝜇𝜇) and sampling rate (ψ) vary through time according to some 
function – will have the same likelihood if

𝑟𝑟𝑝𝑝 = 𝜆𝜆 − 𝜇𝜇 − 𝜓𝜓 +
1
𝜆𝜆
𝑑𝑑𝜆𝜆
𝑑𝑑𝑡𝑡

𝜁𝜁𝑝𝑝 = 𝜆𝜆𝜓𝜓

are both the same. Many different scenarios will satisfy this.

Describes the rates + 
change in rates over time

Speciation rate over time X 
sampling rate over time

VIRAL/FOSSIL CASE

3 parameters but 2
curve through time

Louca, McLaughlin, MacPherson, Joy, and Pennell (in prep.)





• Good news! If you know 1 of the parameters, you can get the 
rest of them

• This can come from clinical data
• This was known for the constant rate case and is the reason 

researchers often constrain one of the parameters in the model
• Bad news: if the constraint you impose is misestimated by just 

a little bit, this can cause dramatic changes in your estimates of 
Re 



Exploring two solutions to this problem

1. Mechanistic (epidemiological) constraints
2. Clever experimental design – use 

concentrated sampling events

Neither of these are straightforward for the 
macroevolution case



Exploring two solutions to this problem

1. Mechanistic (epidemiological) constraints
2. Clever experimental design – use 

concentrated sampling events



The epidemic constraint

Time
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Exploring two solutions to this problem

1. Mechanistic (epidemiological) constraints
2. Clever experimental design – use 

concentrated sampling events



Concluding thoughts

• Measuring and explaining variation in diversification rates is 
important for both biodiversity and epidemiology research

• Doing so requires the use of a stochastic model to reconstruct 
trends through time

• Phylogenies including only extant lineages as well as those that 
include extinct lineages contain less information about these 
rates that we might have hoped – completely dependent on the 
assumptions of the model

• Making progress on these questions is going to require both 
imaginative new approaches and different types of data



A huge thank you to everyone – you make it a joy to work at UBC

Please don’t hesitate to get in touch if you want to discuss any of 
this stuff (or any stuff, really)

pennell@zoology.ubc.ca
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