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Chapter 4

Joint Inference of phylogeny and
diversi"ication rates from molecular sequences
does not outperform a 2‐step approach
Sebas!an Höhna, Thijs Janzen, Rampal S. E!enne
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ABSTRACT

A frequently used approach to estimate speciation and extinction rates from mole‐
cular sequence data is a two‐step approach, where the "irst step consists of
constructing the phylogeny from sequence alignments and the second step consists of
estimating the diversi"ication rates – i.e. the speciation rate and the extinction rate –
from this phylogeny. The (Bayesian) inference approaches to estimate the phylogeny
already rely on a model for the divergence times: a so‐called tree model, and also
provides estimates of the diversi"ication rates; the tree and the diversi"ication rates
are thus jointly estimated. From a purely theoretical perspective, the two‐step
approach is therefore incorrect and seems unnecessary. Nevertheless, the two‐step
approach is often used in practice because using more complex tree models in the
joint inference approach is computationally unfeasible. Here we study whether the
choice of tree model in construction of the phylogeny impacts the analysis of diversi"i‐
cation rates under a two‐step approach. We simulate data and compare diversi"ication
rate estimates obtained using a two‐step approach with estimates using a joint‐infer‐
ence approach. Additionally, we compare the two‐step approach and joint inference
on an empirical dataset of the order Cetacea. Using the Cetacean dataset we also
investigate the effect of different clock models. Within our simulation study we "ind
that the estimates, and variation in the estimates, are similar between the two‐step
approach and the joint inference approach. Estimates obtained on the Cetaceans
dataset con"irm the simulation study, but only when using clock models with esti‐
mated and/or low variance. We therefore conclude that the two‐step approach need
not impact or bias diversi"ication rates, but only if a speci"ic branch‐rate model was
used to estimate the phylogeny.
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Introduction
A widely used approach to estimate diversi"ication rates ‐ the rates of speciation and
extinction ‐ from molecular sequence data is a 2-step approach (Huelsenbeck 1997;
O’Meara 2012). The "irst step is to estimate a phylogeny from the molecular data. The
second step consists of estimating the diversi"ication rates from this phylogeny (Nee
and Holmes 1994; Nee 2001, 2006; Ricklefs 2004, 2007).
The "irst analysis step involves, amongst others, selecting a substitution model, a
clock model and a tree model (Huelsenbeck 2000; Huelsenbeck et al. 2001; Yang and
Rannala 2012). Here we use the term model in the statistical sense, which is a formal
description using a combination of one or several stochastic processes and/or proba‐
bility distributions to describe how the data were generated. For example, the tree
model can be a constant‐rate birth‐death process with prior distributions on the speci‐
ation and extinction rates. Every modeling choice affects the estimates, such as the
phylogeny with its divergence times, and thus ultimately in"luences the diversi"ication
rate estimates (Revell et al. 2005; Drummond et al. 2006; Lepage et al. 2007).
The second step includes specifying (again) a model for species diversi"ication,
which is often a birth‐death process (Nee 2001, 2006). The birth‐death process de"ines
a probability density on phylogenies with divergences times (Höhna 2013a). By using
the phylogeny estimated in the "irst analysis step it is possible to infer the diversi"ica‐
tion process parameters using statistical methods such as Maximum Likelihood Estima‐
tion (MLE) and Bayesian Inference (BI).
The 2‐step approach has several practical advantages. Most of the more complex
diversi"ication models (e.g. birth‐death models), that are used to estimate diversi"ica‐
tion rates, e.g. time‐dependent diversi"ication rates (Stadler 2010; Höhna 2013a, 2014),
diversity‐dependent diversi"ication rates (Etienne et al. 2012), state‐dependent diversi‐
"ication rates (FitzJohn et al. 2009; FitzJohn 2012) or clade‐dependent diversi"ication
rate (Alfaro et al. 2009), are only implemented in independent R packages, for example:
DDD (Etienne and Haegeman 2012; Etienne et al. 2012), diversitree (FitzJohn 2012),
laser (Rabosky 2006a, 2006b), PBD (Etienne et al. 2014), TESS (Höhna 2013b, 2014)
and TreePar (Stadler 2011). Hence, these models cannot be used in a single joint
analysis where the phylogeny and the diversi"ication rates are estimated simultane‐
ously. Only if these models were implemented in one of the popular phylogeny estima‐
tion software such as BEAST (Drummond et al. 2012), MrBayes (Ronquist et al. 2012b),
PhyloBayes (Lartillot et al. 2009), PAML (Yang 2007) or RevBayes (Höhna et al. 2014)
would a joint analysis be possible.
The separate development of phylogeny estimation and diversi"ication rate analysis
software has contributed signi"icantly to the popularity of the 2‐step approach. It is
easier to develop and maintain an independent software package although many parts
of the functionality could be re‐used. Additionally, the computational time needed to
test different models of diversi"ication is several orders of magnitude lower if condi‐
tioned on a single phylogeny instead of estimating the phylogeny jointly with the diver‐
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si"ication rates. The computational gain is arguably the most important argument for
the 2‐step approach.
Obviously, the 2‐step approach has its disadvantages. First, it disregards the uncer‐
tainty in the estimated phylogeny. Second, the 2‐step approach uses two tree models: a
model required for the estimation of divergence times and a model required for the
estimation of diversi"ication rates, which may not be the same. This double use of a tree
model invalidates the analyses from a purely theoretical perspective and the actual
impact – i.e., how strong the bias is ‐ is not well understood.
The main question in this study is whether the choice of the tree model ‐ or often
called tree prior because it is used as a prior distribution on the tree in Bayesian infer‐
ence ‐ impacts and thus biases the analysis of diversi"ication rates under the 2‐step
approach. Have our previous studies been biased and should we thus put more effort in
implementing more realistic tree models in phylogeny estimation software? Or is the
bias so small that it can be neglected and can we continue in estimating diversi"ication
model parameters separately from the phylogeny? Some tree models induce strong
divergence time priors, e.g., more probability on divergence times close to the tips, and
hence one may expect that divergence time estimates are in"luenced by the tree model
choice. This could in turn bias estimates of diversi"ication model parameters. For
example, we expect that the estimated extinction rate of a constant‐rate birth‐death
model is underestimated if the phylogeny was estimated using a pure‐birth model.
Similarly, we expect that the carrying capacity in a diversity‐dependent pure‐birth
model is overestimated if the phylogeny was estimated using a constant‐rate birth‐
death model.
To answer the questions raised above we implemented common substitution
models, relaxed clock models and birth‐death models in RevBayes (Höhna et al. 2014).
Until the present work, no software implementation existed that could estimate the
phylogeny jointly with the diversi"ication rates under a diversity‐dependent model. Our
implementation enables us for the "irst time to compare the 2‐step analysis approach
with a joint analysis of diversi"ication rates and phylogeny.
We considered as tree models a constant‐rate pure‐birth model, a constant‐rate
birth‐death model and a diversity‐dependent pure‐birth model. With simulations we
tested whether the 2‐step approach gives biased estimates and is inferior to a joint
analysis of phylogeny and diversi"ication model parameters. Additionally, we investi‐
gated the performance of the 2‐step approach compared with a joint analysis on an
empirical dataset (order Cetacea) and under which branch‐rate model choices both
approaches differ. All the analyses were performed in a Bayesian framework using
Markov chain Monte Carlo methods to approximate the posterior probability distribu‐
tion.

Methods
The goal of our analyses was to estimate the rates of diversi"ication under different tree
models.
As our data we considered aligned molecular sequences. We ignored any uncer‐
tainty in the alignment because this is outside the focus of our study.

Phylogenetic model of sequence evolution
As the standard model of evolution of the molecular sequences we chose a general time
reversible (GTR) substitution model (Tavaré 1986) with uncorrelated lognormal
(UCLN) distributed branch rates (Drummond et al. 2006).
The model is presented as a graphical model in Figure 4.1. For an introduction in
graphical models in phylogenetics see Höhna et al. (2014).
Below we provide the most important probability density functions used in the
phylogenetic model. The substitution model is a continuous time Markov process. Thus,
the transition probability matrix ℙ along branch i with effective branch length vi is
given by:
ℙi (vi ) = exp(vi ℚ)=

∞

i=1

vi ℚ/j!

where ℚ is the instantaneous rate matrix. The transition probability matrix ℙ is
computed using matrix exponentiation methods, see for example (Moler and Loan
1978). The rate matrix of the GTR substitution model is computed by
–((1 + (2 + (3)

QGTR =
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(2
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For more information see Felsenstein (2004) or Yang (2006). We chose "lat Dirichlet
distributions with very little prior information as prior distributions on the base
frequencies and exchangeability parameters:
π ~ Dir (1,1,1,1)
( ~ Dir (1,1,1,1)
The effective branch length was computed by the product of the branch rate and the
branch time (Heath et al. 2012):
vi = r i × t i
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Figure 4.1. Graphical model representation of the complete phylogenetic model. Stochastic variables
are represented by solid circles and deterministic variables by dashed circles. Constant variables are
represented by solid squares. Repetition over a vector is represented by a dashed rectangle (a plate)
and repetition over the tree is represented by a dashed rectangle with rounded corners (a tree plate).
We have represented the model by four modules: the PhyloCTMC module; the Branch rate module;
the Tree module; and the Rate matrix. The PhyloCTMC module describes the character evolution
along a tree. The molecular character Sij for node i and site j is distributed by a continuous time
Markov model with parameters vi (the ith effective branch length), Q (the rate matrix) and Sp(i)j (the
ancestral state). Furthermore, the observed character states at the tips are depicted by a shaded
node. The Branch rate module consists of the uncorrelated lognormal (UCLN) distributed branch
rates with parameter m and σ and the hyper‐prior parameters c and d. The Tree module describes the
distribution on the tree variable. Here we show a constant‐rate birth‐death process with parameter λ
and μ and hyper‐prior parameters a and b. Finally, the Rate matrix module describes the substitution
model which is a general time reversible (GTR) model. The rate matrix Q of the GTR model is
computed from the base frequencies π and exchangeability parameters ε. The base frequencies π and
exchangeability parameters ε have hyper‐prior parameters f and e respectively.

From this equation it can be seen that the branch time cannot be estimated if the
branch rate is not known and vice versa. We chose the uncorrelated lognormal distri‐
bution for the branch rate because it is the most widely used relaxed clock model,
ri ~ lnorm(m,σ)

We selected a uniform distribution between 0.0 and 10.0 for both prior parameters,
m ~ unif(0.0,10.0)
σ ~ unif(0.0,10.0)

The GTR model and the UCLN branch rate model are shown in Figure 4.1. The entire
likelihood of a tree is computed by Felsenstein's pruning algorithm (Felsenstein 1981).

Tree models
The three tree models considered here are: 1) a constant‐rate pure‐birth process, 2) a
constant‐rate birth‐death process and 3) a diversity‐dependent pure‐birth process.
The graphical model representation of the three different tree models is shown in
Figure 4.2.
All three tree models are variants of birth‐death processes. Here we de"ine the
birth‐death process as follows (see Nee et al. 1994 and Höhna 2013a). The process
starts at time t1 = 0 with two initial species that survive until the present time T,
denoted by S(2,t1,T). The divergence times in the phylogeny are denoted by t2,... ,tn‐1
and the diversity at time t by N(t).
At a speciation event, one species gives birth to exactly two species, and ceases to
exist itself. In our cases, the rate of speciation is either constant or depends on the
current diversity. In the case of the constant‐rate birth‐death process a species may
become extinct at rate μ. In the other models extinction is assumed to be 0.
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Ψ
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Figure 4.2. Graphical model representation of the three different tree models. Each tree model
de"ines a probability distribution on labelled histories ψ (a tree topology with node ages). A) A
constant‐rate pure‐birth process with speciation rate λ and hyper‐prior a. B) A constant‐rate birth‐
death process with speciation rate λ, extinction rate μ and hyper‐prior a and b respectively. C) A
diversity‐dependent pure‐birth process with initial speciation rate λ, carrying capacity K and hyper‐
prior a and b respectively.
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Constant-rate pure-birth process
The constant‐rate pure‐birth process has a constant speciation rate λ and no extinction
(Yule 1925). The probability density of a phylogenetic tree is given by
f (ψ | N(t1) = 2) =

n–1
2n–1
× eφλ(T–t0) × (λ × e λ(T–ti))
n!
i=2

(2)

As a hyper‐prior distribution on the speciation rate λ we choose an exponential distri‐
bution with rate 0.1,
λ ~ exp(rate = 0.1)

4

This hyper‐prior distribution has the highest probability for values close to 0.0 but has
a mean of 10.0 and a large variance and thus has only a small in"luence on the posterior
distribution.

Constant-rate birth-death process
The constant‐rate birth‐death process has constant speciation rate λ and constant
extinction rate μ (Nee and Holmes 1994; Nee et al. 1994). The probability density of a
phylogenetic tree is given by
f (ψ | N(t1) = 2, S(2, t1, T ))
=

(

2n–1 n–2 (λ – μ)2e–(λ–µ)(T–t1)
×λ
n!
(λ – μe–(λ–µ)(T–t1))2

2

)

×

n–1
i=2

( (λ(λ –– μeμ) e

2 –(λ–µ)(T–t1)
–(λ–µ)(T–t1))2

)

Similarly to the constant‐rate pure‐birth process, we chose an exponential distribution
with rate 0.1 for both parameters as hyper‐prior distributions,
λ ~ exp(rate = 0.1)
μ ~ exp(rate = 0.1)

f (ψ | N(t0) = 1) =

n–1
n
i
2n–1
× e λ(1– K )(T–tn–1) × (λ 1 – i × e λ(1– K )(ti – tn–1))
n!
K
i=2

(

)

Again, we chose an exponential distribution with rate 0.1 as the hyper‐prior distribu‐
tion for the initial speciation rate λ. For the carrying capacity K we chose a geometric
distribution with mean 100.0 has the hyper‐prior distribution,
λ ~ exp(rate = 0.1)
K ~ "geom mean = 100.0
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Diversity dependent pure-birth process
The speciation rate of the diversity‐dependent pure‐birth process depends linearly on
the current diversity (Etienne et al. 2012), λi = λ(1– i/K ), where K is the carrying
capacity and λ the initial speciation rate. The probability density of a phylogenetic tree
is given by (Rabosky 2006a):

The geometric distribution has the advantage that it is de"ined on integer values and
assigns more probability to smaller values. Hence, we considered the geometric distri‐
bution as an appropriate choice as the hyper‐prior distribution on the carrying
capacity. The choice of the mean of the geometric distribution had little in"luence on
our analyses.
Simulation study
In our simulation study we tried to use as realistic parameter values as possible. There‐
fore, we reconstructed the analysis of Slater (2010) on the order Cetacea running
exactly the same model in BEAST. From this analysis we obtained the following param‐
eter values:
– crown‐age = 58.37 My,
– base‐frequencies π = {0.30, 0.30, 0.13, 0.27},
– exchangeability‐rates ε = {0.07, 0.65, 0.04, 0.02, 1.0, 0.02},
– mean branch‐rate m = 0.0057 and
– standard deviation of the branch‐rates σ = 0.3.
These parameters were used as "ixed settings of our simulation study.
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Figure 4.3. Lineage‐through‐time plots of the simulated phylogenies. All simulations were stopped
when the process reached a time of T = 58.37. Trees in A‐C are simulated under a constant‐rate birth‐
death process and the trees in D‐F under a diversity‐dependent pure‐birth process. Figure A has no
extinction (μ = 0.0), Figure B has moderate extinction (μ/λ= 0.3) and Figure C has high extinction
(μ/λ = 0.9). Figure D has slow saturation (λ = 0.08), Figure E has moderate saturation (λ = 0.12) and
Figure F has fast saturation (λ = 0.18).
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First, we simulated phylogenies under two birth‐death process: (1) a constant‐rate
birth‐death process and (2) a diversity‐dependent pure‐birth process. For the simula‐
tion of the phylogenies we used the R packages TESS (Höhna 2013b) and DDD (Etienne
et al. 2012) with their explicit functions for tree simulations. For the constant‐rate
birth‐death process we chose three different parameter combinations ranging between
no extinction to high extinction. The actual speciation and extinction rate for the
constant‐rate birth‐death process were chosen so that the expected number of taxa at
the present time was equal to 71, the number of cetaceans in the study of Slater et al.
(2010). For the diversity‐dependent pure‐birth process we chose three parameter
combinations that re"lected various degrees of slowdown in lineage accumulation. The
carrying capacity in the diversity‐dependent pure‐birth process was set to 100 for all
simulations. Only the initial speciation rate was set to 0.8, 0.12 and 0.18 respectively to
obtain different levels of slowdown and saturation. The resulting lineages‐ through‐
time plots are shown in Figure 4.3.
Next, for each simulated tree we simulated a set of branch rates drawn from a
lognormal distribution with mean m = 0.0057 and standard deviation σ = 0.3. Then, we
simulated two DNA alignments each under the same GTR model with base‐frequencies
π = {0.30, 0.30, 0.13, 0.27} and exchangeability‐rates ε = {0.07, 0.65, 0.04, 0.02, 1.0,
0.02}. All simulations were performed in RevBayes.

4

The simulated datasets were divided into two sets; the "irst containing the alignments
simulated for the constant‐rate birth‐death trees and the second set containing the
alignments simulated for the diversity‐dependent pure‐birth trees. Both sets were
analyzed under a GTR substitution model with UCLN distributed branch rates, and
under both a constant‐rate pure‐birth model and a constant‐rate birth‐death model.
The results of the constant‐rate birth‐death analyses were used as the joint analysis
results The results of the constant‐rate pure‐birth analyses were used to create a
maximum a posteriori (MAP) tree for use in the 2‐step approach. Here we took the tree
115
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The simulation design is summarized as:
1. Simulate phylogenies with a crown age of 58.37 under
a. constant‐rate birth‐death model with a relative extinction rate of
i. 0.0 (a pure‐birth model).
ii. 0.3 (moderate extinction).
iii. 0.9 (high extinction).
b. a diversity‐dependent pure‐birth model with carrying capacity of 100 and
i. initial speciation rate of 0.08.
ii. initial speciation rate of 0.12.
iii. initial speciation rate of 0.18.
2. Simulate branch rates with ri ~ lnorm(m = 0.0057, σ = 0.3)
3. Simulate two sets of DNA sequences under a GTR model with
π = {0.30, 0.30, 0.13, 0.27} and ε = {0.07, 0.65, 0.04, 0.02, 1.0, 0.02}

with the highest posterior probability and estimated the node ages as the mean node
age from all trees where this clade was present (Holder et al. 2008). The MAP tree was
used in the 2‐step analysis to estimate the speciation and extinction rate of the
constant‐rate birth‐death model. Additionally, we estimated the speciation and extinc‐
tion rate from the true (simulated) trees as a benchmark.
The second set, the alignments simulated from the trees arising from the diversity‐
dependent pure‐birth process, was analyzed with tree priors of a constant‐rate birth‐
death process and of a diversity‐dependent pure‐birth process. Again, the results from
the diversity‐dependent pure‐birth analysis were used as the joint analysis results and
the constant‐rate birth‐death results yielded the MAP tree which was used in the
second step of the 2‐step analysis.

CHAPTER 4

Empirical study
In the empirical study we investigated whether the results agree with the simulation
study and additionally tested more model combinations. We used the data of Slater et
al. (2010) which contains cytochrome b (cytb) sequences of 1140 nucleotides of the 71
out of the 84 cetaceans. The data generated in the simulation study evidently follows
perfectly our models: the GTR substitution model, the UCLN branch‐rate model and the
birth‐death tree model. For the cetaceans dataset we do not know what the true model
is and it is likely that some of our modeling assumptions are violated.
The analysis settings of the empirical dataset are very similar to the analysis
settings of the simulated data. We analyzed the data under a GTR substitution model
and "ixed the root age at 58.37 My. The only difference is that we used six different
branch‐rate models: 1) a UCLN branch‐rate model with a uniform hyper‐prior on the
standard deviation parameter σ, 2) a UCLN branch‐rate model with a "ixed standard
deviation parameter σ = 2.0 that is much larger than the estimated standard deviation,
3) a uniform branch‐rate model where each rate is drawn from a uniform distribution
between 0.0 and 10.0, 4) an independent gamma rates (IGR) model (Lepage et al.
2007), 5) an uncorrelated exponential (UCE) branch‐rate model (Drummond et al.
2006), and 6) a strict clock model.
The branch‐rate model choices are summarized in Figure 4.4.
Again, we used a constant‐rate birth‐death process and a diversity‐dependent pure‐
birth process as the tree model. The estimated MAP phylogeny of the constant‐rate
birth‐death analysis was used in a second analysis step to estimate the diversi"ication
rates under a diversity‐dependent pure‐birth process (2‐step analysis).

Markov chain Monte Carlo estimation
The analyses were performed in a Bayesian framework. The result of the analysis is the
posterior distribution of the model parameters. Here, we are mainly interested in the
posterior distribution of the diversi"ication model parameters, especially the mean of
the posterior distribution and the size of the credible interval.
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The posterior distribution was approximated by sampling parameters values from a
Markov chain Monte Carlo (MCMC) simulation (for more information see (Rannala and
Yang 1996; Larget and Simon 1999; Li et al. 2000)). Each analysis on the simulated data
was performed by two chains with 104 iterations as the burn‐in phase and 105 itera‐
tions during which samples were taken every 10 iterations. During each iteration new
parameter values were proposed several times (approximately 100 proposals per itera‐
tion). The precise number of proposals depended on the tree size because this deter‐
mines the number of branch‐rate parameters. The analysis on the empirical data was
performed by two chains with 105 iterations as the burn‐in phase and 106 iterations
during which samples were taken every 100 iterations. Convergence was assessed by
checking that the effective sample size for every parameter was above 200 and using
the Gelman‐Rubin diagnostic test (Gelman and Rubin 1992).
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Figure 4.4. Graphical model representation of the different branch‐rate models used in the empirical
analyses. A) a UCLN branch‐rate model with a uniform hyper‐prior between 0.0 and 1.0 on the stan‐
dard deviation parameter σ, B) a UCLN branch‐rate model with a "ixed standard deviation parameter
σ = 2.0, C) a uniform branch‐rate model from a uniform distribution between 0.0 and 10.0, D) an
independent gamma rates (IGR) model, E) an uncorrelated exponential (UCE) branch‐rate model,
and F) a strict clock model.

Results
Simulation study
The results of the simulation study are shown in Figures 4.5‐8. There is only very little
difference between the joint inference and the 2‐step analysis approach for the esti‐
mated speciation and extinction rates (see Figure 4.5).
For the trees simulated under the constant‐rates birth‐death model, the estimated
net‐diversi"ication rates (λ ‐ μ) are close to the true value for all analyses and under
each simulation setting (no extinction, moderate extinction and high extinction, see
Figure 4.5A‐C. Instead, the relative extinction rate (μ/λ) is more dif"icult to estimate
correctly, but there is no difference between the 2‐step approach and a joint inference
approach either. Interestingly, the worst estimates of the relative extinction rate are
when the trees were simulated under a pure‐birth process. However, this result can be
easily explained because an extinction rate of 0.0 is at the edge of the de"ined hyper‐
prior distribution and thus all prior probability is at values larger than 0.0.
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Figure 4.5. Estimated diversi"ication rates from the simulated constant‐rate birth‐death trees. Panels
A‐C show the estimated net‐diversi"ication rate λ-μ) and Figure D‐F show the estimated relative
extinction rate (μ/λ). The red line represents the true parameter values. Panels A and D are simulated
with no extinction, B and E with moderate extinction (μ/λ = 0.3) and C and F with high extinction
(μ/λ = 0.9). The boxplots are created from the posterior means of the parameters estimates per
analyses.
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In the introduction we argued that a joint inference approach has the advantage to
include uncertainty in the estimated phylogeny when estimating diversi"ication process
parameters. This uncertainty propagates through the analysis and hence the credible
interval size (CI‐size) is largest for the joint inference approach (see Figure 4.6).
The smaller CI‐size of the 2‐step approach should not be interpreted as superior.
Instead, it may lead to overcon"idence in the parameters estimates. The joint inference
remains (the theoretically) correct approach and thus the larger CI‐size should be
considered as the uncertainty arising from the limited molecular data available. All
other estimates with smaller CI‐size are somewhat biased.
The results from the diversity‐dependent pure‐birth process are very similar (see
Figures 4.7 and 4.8). A diversity‐dependent pure‐birth process is equivalent to a
constant‐rate pure‐birth process if the carrying capacity is very large and saturation
has not been reached. Therefore, we expect that the 2‐step approach overestimates the
carrying capacity. Furthermore, we expect the initial speciation rate to be underesti‐
mated because the slowdown of the diversi"ication rate is less pronounced if the
carrying capacity is large. Our expectations are met in our simulation study (see Figure
119

2-STEP VS JOINT INFERENCE

Figure 4.6. Uncertainty in the estimated diversi"ication rates from the simulated constant‐rate birth‐
death trees. Figure A‐C show the credible interval size (CI‐size) of the speciation rate (λ) and Figure
D‐F show the CI‐size of the extinction rate (μ). Figure A) and D) are simulated with no extinction, B)
and E) with moderate extinction (μ/λ =0.3) and C) and F) with high extinction (μ/λ =0.9).
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Figure 4.7. Estimated initial speciation rate and carrying capacity. The top row shows the initial
speciation rate estimates and the bottom row shows the carrying capacity estimates.
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4.7) although the difference between the 2‐step approach and the joint inference are
very small.
We observe that the initial speciation rate is slightly underestimated and the
carrying capacity is slightly overestimated. The difference in the carrying capacity esti‐
mates seems to disappear the more informative the data are (i.e. the more pronounced
the saturation is).
The uncertainty in the parameter estimates is shown in Figure 4.8. Differences in CI‐
size between the different approaches are small, although the CI‐size of the capacity
estimate with λ = 0.08, using the true tree seems to be larger than the CI‐size of the
estimates obtained using joint inference or the MAP tree. Using λ = 0.08 implies that
there is little saturation and that variation in tree size and shape is relatively large.
Difference in CI‐size could therefore be the result of a larger stochastic component in
the true tree, compared to the MAP tree and the estimates obtained using joint infer‐
ence.

120

simulated tree with Lambda = 0.08

CI-size for lambda

0.12

simulated tree with Lambda = 0.12

simulated tree with Lambda = 0.18

A

B

C

D

E

F

0.08

0.04

0.00

CI-size for capacity

500

4

400
300
200
100
0
true tree

joint
MAP tree
inference

true tree

joint
MAP tree
inference

true tree

joint
MAP tree
inference

Empirical Study
In the empirical study we estimated the carrying capacity and initial speciation on the
cetacean dataset of Slater et al. (2010). We estimated the diversi"ication rates using a 2‐
step analysis approach using a constant‐rate birth‐death process in the "irst step
(phylogeny estimation) and a diversity‐dependent pure‐birth process in the second
step (diversi"ication rate estimation). Additionally, we used a joint inference approach
estimating jointly phylogeny and diversi"ication rates using a diversity‐dependent
pure‐birth model. Furthermore, we repeated each of the analyses six times under
different branch‐rate model (see Figure 4.4). The results of our study are shown in
Figure 4.9 .
The estimated posterior distribution of the initial diversi"ication rate is (almost)
identical for the branch‐rate models with estimated or no variance (see Figure 4.9A, D
and E). This result is in line with our simulation study where we used an UCLN branch‐
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Figure 4.8. Credible interval sizes (CI‐size) of the parameter estimates. The boxplots represent the
CI‐size for each simulated dataset. The top row shows the CI‐size of the initial speciation rate and the
bottom row shows the CI‐size of the carrying capacity. The left column shows the results for the
simulations under low saturation (initial speciation rate of 0.08), the middle column the results of
the simulations under moderate saturation (initial speciation rate of 0.12), and the right column the
simulations under high saturation (initial speciation rate of 0.18).
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Figure 4.9. Posterior distribution of the initial speciation rate and carrying capacity estimated on the
Cetacean dataset of Slater et al. (2010) using a 2‐step analysis and a joint inference combined with
six different branch‐rate models. A) Under a UCLN branch‐rate model with uniform hyper‐prior
between 0.0 and 10.0 on the standard deviation; B) Under a UCLN branch‐rate model with "ixed stan‐
dard deviation of 2.0; C) Under a uniform branch‐rate model with branch rate between 0.0 and 10.0;
D) Under a IGR branch‐rate model with uniform hyper‐prior on the mean and variance between 0.0
and 10.0; E) Under a UCE branch‐rate model with a uniform prior between 0 and 10.0; and F) under
a strict clock model with auniform prior between 0.0 and 10.0.
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rate model with estimated standard deviation. The branch rate variation seemed to be
low for this dataset. We estimated a standard deviation under the UCLN branch‐rate
model of 0.17 and a variance of 0.17E‐6 under the IGR model. Note that these results
are slightly different from the original analysis of Slater et al. (2010) because we did
not use any fossil calibrations beside a root calibration. The models that have a "ixed
and/or too high variance in the branch rates gave different estimates of the initial
speciation rate between the 2‐step approach and the joint inference (see Figures 4.9B,
C and F). The initial speciation rate was underestimated under the 2‐step approach for
the UCE branch‐rate models and the UCLN branch‐rates model with "ixed variance. The
uniform branch‐rate model has the opposite bias (overestimated initial speciation rate)
but because this model is clearly unidenti"iable, these results should be treated
cautiously.
Not only the rates differed between the two inference approaches, they were also
different between branch‐rate models. For example, the initial speciation rate was esti‐
mated to be higher under the UCE branch‐rate model compared to the estimates under
an UCLN branch‐rate model. The same behavior was observed for carrying capacity
estimates (see Figure 4.9). Note here that the scale changes drastically between branch‐
rate models. Interestingly, the two branch‐rate models with "ixed variance give the
smallest uncertainty in the estimated carrying capacity. Remember that the hyper‐prior
distribution on the carrying capacity was a geometric distribution which assigns more
probability on smaller values. Hence, the small estimates of the carrying capacity could
be in"luenced by this hyper‐prior.

4

The results of this study are surprising in some aspects. The tree model can potentially
in"luence the divergence time estimation and thus also the estimated diversi"ication
model parameters obtained from a second analysis using the estimated phylogeny. A
joint inference approach would therefore be superior to this 2‐step approach. This is
not always the case as we showed here. It appears that the information contained in the
sequences overwhelms the prior information when estimating divergence times. This
was true in our study as long as a branch‐rate model was used with an estimated vari‐
ance among rates. If the variance of the branch rates was arti"icially set to be high, the
tree model affected the divergence time estimates. In our study the true variance
among branch rates was low, as we used empirical parameters. Other datasets might
have a larger variance between branch rates and thus could produce biased estimates
of the diversi"ication model parameters.
The uncorrelated exponential (UCE) branch‐rate model has no parameter to esti‐
mate the variance because the variance and mean of the exponential distribution are
the same parameter. Therefore, the UCE branch‐rate model has generally a larger vari‐
ance between branch rate and is more sensitive to the tree prior. We discourage the use
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of the UCE branch‐rate model for estimating divergence times, especially in a 2‐step
analysis or if the tree model is uncertain.
For our simulated data we found no considerable difference between the 2‐step
inference and joint‐inference when using constant‐rate birth‐death models on
constant‐rate pure‐birth data. Furthermore we only noticed a small difference between
2‐step inference and joint inference when using diversity‐dependent analyses on birth‐
death data.
The trees that are simulated under a diversity‐dependent pure‐birth process are
very unlikely under any constant‐rate birth‐death process, especially if the process is
saturated (see Figure 4.3). If the diversi"ication analysis is performed in a 2‐step
approach, it is thus recommendable to use a less informative prior. A good candidate is
the uniform node age prior (Lepage et al. 2007; Ronquist et al. 2012a) or a Dirichlet
prior on node ages (Kishino et al. 2001; Thorne and Kishino 2002).
In this study we investigated if the estimated diversi"ication model parameters are
biased if estimated under a 2‐step approach compared with the estimates under a joint
inference of phylogeny and diversi"ication model parameters. The results of our simula‐
tion study and our study on the cetacean dataset suggest that a 2‐step approach
produces similar estimates as joint inference, under the UCLN branch‐rate model.
Moreover, the estimated phylogeny and divergence times are not affected by the tree
model as long as the branch‐rate model has a small or estimated variance. This was the
case for the strict clock model, the UCLN branch‐rate model and the IGR branch‐rate
model.
We conclude that, contrary to our predictions, the two‐step approach used in many
studies need not produce biased estimates, provided that branch‐rate models with low
or estimated variance are used. Our "indings based on the empirical dataset indicate
that the choice of branch‐rate model can potentially bias obtained estimates using a
two‐step approach. We therefore recommend to use at least two different branch‐rate
models and compare divergence time estimates in order to correct for any biases intro‐
duced. If different branch‐rate models yield similar divergence time estimates, the
computationally demanding joint‐inference approach need not be used, and two‐step
inference can safely be applied. Currently however, often only a single branch‐rate
model is used, and caution should be taken when applying a two‐step approach,
especially on phylogenies estimated using a branch‐rate model with "ixed and/or high
variance.
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