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Summary

Understanding the origin and maintenance of biodiversity is one of the most important topics
in the natural sciences. The concept of a species is a fundamental unit in biology, and major
lines of research use species richness—or the number of species for a particular group of shared
origin—as a measure of the degree of biodiversity. Unlike in modern civilization where there
are genealogies and censuses describing recent history, there is limited available information
about the history of species and populations. Therefore, the evolutionary history of the species
we see today are best seen as hypotheses. Importantly, we are interested in learning about
questions such as i) during which time periods did species originate more often, ii) which
clades speciated more often than other clades, and iii) how often do species go extinct. To
answer these questions, we can model how species originate and go extinct using a stochastic
branching process. The most widely used branching process is the birth-death model, and
variants thereof. The thesis contains seven chapters that study varying aspects of the birth-
death model. This includes theoretical properties as well as empirical findings.

The introduction provides an overview of the most important aspects of the birth-death
model as used in phylogenetics, an example of how to fit the birth-death model, and a summary
of the aims of the thesis.

Chapter 2 is a description of an R-package called CRABS (Hohna et al., 2022). In 2020,
Louca and Pennell| published an article about the identifiability of time-varying phylogenetic
diversification models. Under certains assumptions, they demonstrated that speciation and
extinction rates (as a function of time) are not jointly identifiable, even if the phylogeny is
arbitrarily large. This means that, given a hypothesis for time-varying speciation and extinc-
tion rates, it is possible to construct an infinite amount of alternative hypotheses (a so-called
congruent class of models) that explain the data equally well. Although the issue was already
pointed out by [Kubo and Iwasa (1995), the renewed interest in identifiability led to several
discussions in the diversification research community (Morlon et al. 2022; Helmstetter et al.,
2022). Our impression was that the findings of |Louca and Pennell (2020b)) were interesting
but the implications were not well understood. CRABS is a method that aims to investigate the
congruence class of time-varying diversification rate models by sampling from the congruence
class, and visualizing common patterns of the alternative hypotheses/models. The aim of

CRABS is to provide tools for gaining better intuition of the properties of a specific congruence
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class. Later, Andréoletti and Morlon| (2023)) extended the functionality of CRABS by allowing

for more sophisticated sampling of alternative models.

Chapter 3 investigates specific diversification rate patterns in more detail (Kopperud
et al., [2023)), using the methods of CRABS. We also analyze the congruence class for empiri-
cal phylogenies (New World/African true parrots, tyrant flycatchers and woodpeckers). The
impact of non-identifiability on hypothesis testing depends on the shapes of the time-varying
speciation and extinction rates. Specifically, we find that if there is a signal for time-constant
diversification rates, then the congruent models can be in disagreement with each other. If the
speciation and extinction rates were rapidly changing, however, then the congruent models
are in agreement. Thus, we argue that rapidly changing diversification rates can be inferred in
spite of non-identifiability. Legried and Terhorst| (2022}, 2023) used a more theoretical approach
for analyzing the non-identifiability issue. Using mathematical proofs, they demonstrated that
time-varying speciation and extinction rates are jointly identifiable under specific conditions.
Specifically, if the rate functions are piecewise polynomial with finite number of pieces (this

includes piecewise-constant and spline functions), then the model is identifiable.

Chapter 4 veers from hypotheses about time-varying diversification rates, and instead
focuses on hypotheses that certain clades in a phylogeny diversified more rapidly or slowly
than others. Analyses of clade-specific or lineage-specific diversification rates can broadly
be separated in two approaches. First, the change in diversification rate can be associated
with a specific hypothesis, such as “did the evolution of sexual reproduction lead to more
rapid diversification?” This implies we have knowledge of the predictor trait at the tips of
the phylogeny, and we can use trait-dependent diversification rate models (e.g., Maddison
et al., [2007) to test the hypothesis. Second, clade-varying diversification rates can be investi-
gated without a specific hypothesis in mind. Chapters 4, 5 and 6 are of the latter approach.
Kopperud and Hohnal (2025) introduce a new method and software implementation (Pesto)
for inference of branch-specific diversification rates. Pesto uses the same generative process
(LSBDS) as the one presented by Hohna et al.| (2019)). One of the main challenges with the
LSBDS model as implemented in RevBayes is the time it takes to run an analysis. For ex-
ceptionally species-rich phylogenies, obtaining enough samples of the posterior distribution
(i.e., simulating using Markov-chain Monte Carlo; MCMC) may take several months or even
years. Consequently, this has limited the application of the method to phylogenies of poor
or moderate species richness. The Pesto method overcomes this limitation by i) fixing the
parameters of the model (it is an empirical Bayes approach), and ii) by using a dynamic pro-
gramming algorithm to estimate branch-specific diversification rates and branch-specific rate
shift events. The dynamic programming algorithm is known in Bayesian inference literature
(Pearl, [1988; 'Teo et al., [2025), and has been leveraged in estimating ancestral discrete char-
acter states (Revell, 2025), but we are the first to use it for branch-specific diversification rate

estimation. The software implementation is also optimized specifically to be able to fit the
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model on species-rich phylogenies. The ability of fitting the birth-death-shift model rapidly
even to species-rich phylogenies (> 20,000 taxa) has two advantages. First, it becomes more
feasible to investigate hypotheses of diversification rate shifts in species-rich phylogenies, such
as on the scale of flowering plants. Second, it becomes possible to set up elaborate simulation
and inference experiments, where we can learn more about the behaviour and potential biases
of the method.

In Chapter 5, we apply the Pesto method to a broad selection of empirical phylogenies,
spanning over 300,000 described species. We investigate several hypotheses about the preva-
lence and nature of diversification rate shifts. Overall, we find that all empirical phylogenies
experienced at least one rate shift event, indicating that diversification rates are heteroge-
neous across the Tree of Life. Moreover, we find that the tempo of diversification rate shifts is
higher in younger clades than in older clades. We also infer substantially more upshifts in net-
diversification than downshifts. This is in strong contrast to the model assumptions, where
we assume that downshifts and upshifts are equally probable. However, simulation studies
reveal that downshifts are much more difficult to infer as opposed to upshifts. We are also
interested in investigating whether a rate shift event is due to a change in the speciation or

extinction rate, although we find that the result is strongly driven by the prior assumptions.

Chapter 6 is comparison of several methods for inferring branch-specific diversification
rates (Martinez-Gomez et al., 2024). Following the development of Bayesian analysis of
Macroevolutionary Mixtures (BAMM, Rabosky et al.2013; Rabosky|[2014) and its prolific use,
several methods for Bayesian inference of branch-specific diversification rates have emerged.
These include the cladogenetic diversification shift model (CLaDS2 Maliet et al., 2019)), the
multi-type birth-death model (MTBD Barido-Sottani et al.,|2020) and the lineage-specific birth-
death-shift model (LSBDS Hohna et all [2019). These methods are conceptually similar, yet
they have different model assumptions and/or inference behaviour. Since there are a wealth of
available methods, it is not trivial for empiricists to decide which method to use. The article
aims to review BAMM, CLaDS2, MTBD, LSBDS and Pesto by testing whether they yield different
results when applied to the same empirical phylogenies. Martinez-Gomez et al.| (2024)) find
that the results are meaningfully different. Notably, BAMM, LSBDS and Pesto are most similar.
MTBD also gives comparable results, but CLaDS2 is most divergent, as expected due to the

assumption of cladogenetic diversification rate shifts.

Chapter 7 is a description of an R-package called RevGadgets (Tribble et al., |2022).
It is designed to be used together with the software RevBayes (Hohna et all |2016al), which
is a framework for fitting phylogenetic and macroevolutionary models. The prefix Rev is
an homage to Reverend Thomas Bayes (1701-1761), the namesake of Bayesian statistics.
Bayesian statistics, coupled with numerical computing techniques such as MCMC, enables
researchers to analyze data using complex and parameter-rich evolutionary models. These

analyses often result in large MCMC log files of several gigabytes, and the data structures
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within can be elaborate. To summarize the results and produce a figure, the log files obtained
from a RevBayes analysis must be post-processesed and one must use a graphical plotting soft-
ware for visualization. The RevGadgets program is a collection of such post-processing tools
and visualization tools. It includes tools to plot posterior distributions of simple continuous
parameters, and phylogenetic trees. It can also accommodate various macroevolutionary anal-
yses that condition on the phylogeny, including but not limited to time-varying diversification
rate analyses (Palazzesi et all 2022), state-dependent diversification rate analyses (Tribble
et al., 2025)), ancestral reconstruction of discrete characters (Peoples et al., |2025) or analyses
of continuous characters (Roberts-Hugghis et al.l [2025). With these tools, the primary aim
of RevGadgets is to provide a common standard for visualizing results of typical macroevolu-
tionary analyses in a pedagogical manner. A secondary aim is to increase the productivity of

researchers by unifying the tools in a central repository.



Chapter 1

Introduction

1.1 General motivation

Species are better understood in the context of their evolutionary history, in the same manner
that people are better understood in the light of genealogical history. The question of “who
were my ancestors?” is as relevant on a million-year time scale as it is on a generational time
scale. The study of species diversification is the study of learning about successes and failures
of species. For instance, flowering plants are comprised of hundreds of thousands of species,
while their cousins the gymnosperms number about a thousand. Mammals are at present the
most dominant group of large terrestrial animals, but from the Jurassic the dinosaurs were
the dominant group. The major failure of non-Avian dinosaurs came with the Cretaceous-
Paleogene mass extinction event (Raup and Sepkoskil, [1982). Such descriptions of events and
features of diversification histories are often available for well-known groups, but not for all
groups. Furthermore, while major radiations and mass extinctions are important events, they
do not by themselves represent a comprehensive view of the process of diversification. To learn
about the fundamental process of diversification, we would also like to compare diversification
histories across different groups of organisms. If these groups are distantly related, separated
in time, or if some groups are more studied than others, one must consider if these aspects
can bias our view of the process of diversification. With these considerations in mind, I will in
this thesis focus on assessing the process of diversification using quantitative methods instead
of qualitative assessments.

Broadly speaking, there are two approaches for quantitative study of diversification dy-
namics in macroevolution. The first approach is to make use of occurrence data from the fossil
record to study species or genus richness, as is frequently done in paleontology. Richness can
be represented naively by plotting the time interval between the first and last occurrences per
species, and counting the number of species that were alive per time bin (i.e., range-through
curves, Taylor and Waeschenbach, 2015). Alternatively, one can standardize for sampling

(Alroy et al.l [2001)), or adopt richness estimators that were originally developed for ecology
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(e.g., capture-mark-recapture, |Liow and Finarelli, 2014)). Crucially, studies of diversification
dynamics that use fossil occurrence data conceptualize their analyses in the context of a group
or a clade of species. However, there is no explicit link between a phylogenetic history of the
group and the fossil occurrence observations (but see |Gupta et al., 2020; Andréoletti et al.,
2022). A second approach is used in this thesis. Here, the link is made explicit, meaning that
we use a stochastic process that can be used to generate or simulate a phylogeny (Nee et al.,
1994b)). The most commonly used stochastic process is the birth-death model, which 1 will
introduce in more detail in the following sections. The phylogeny is almost always assumed to
take the shape of a bifurcating tree. This means that species are either allowed to go extinct,
or to split in two by means of a “speciation event”. Reticulated evolution, such as horizontal
gene transfer or hybridization events are usually not considered in branching processes (but
see Fogg et al., [2023)).

While there is a strong separation between approaches used in paleontological and neon-
tological studies, this dichotomy is largely artificial. In recent years, extensive work has been
carried out to bridge the gap between paleontological and neontological methods. In par-
ticular, birth-death models have been extended to also take into account fossil samples as
observations (Heath et al., [2014; [Barido-Sottani et al., [2019; |Gupta et al., [2020; MacPherson
et all 2022). The main challenge with analyzing fossil phylogenies is that it is much more
difficult to estimate fossil timetrees than extant timetrees. Thus, when one is browsing the
published literature to see what kinds of phylogenies are available, there are a substantial
amount of species-rich extant timetrees, but fewer and less species-rich fossil timetrees. This
does not mean, however, that fossil phylogenies are unimportant. In particular, extinction
rates are estimated more robustly when fossil observations are included in the tree (Didier
et al., 2017, Mitchell et al., [2019; do Rosario Petrucci et all 2025). Despite this, phylogenies

that include fossil samples as observations are not accounted for in this thesis.

1.2 Historical perspective on birth-death models

The first developments of a stochastic branching process can be traced back to [Yule (1924),
who developed a model for the growth of the number of species and genera. A Yule model,
or a “birth-only” model allows for lineages to speciate with rate A, but does not allow for
extinction. Assuming no extinction might be realistic on short time scales, however it is less
realistic on longer time scales. If we consider the ancient history of the fossil record, then
almost all species that have existed have gone extinct (Raup) (1986)). [Feller| (1939) extended
the Yule model to the “birth-and-death” model, which allows for extinction events to occur
with rate p. Later, Kendall (1948) presented a generalized birth-death model, which permits
the speciation and extinction rates to vary over time. Birth-death models were not used in

a phylogenetic context until methods for reconstructing phylogenetic relationships began to
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be developed (Edwards and Cavalli-Sforza, 1964} |Felsenstein, 1973|). Thereafter, variants of
the birth-death model have increasingly been adopted in empirical studies for reconstructing
phylogenies and learning about diversification rate dynamics (Raup et al.l {1973} |Thompson),
1975). With advances in molecular sequencing technology (Sanger et al.,[1977)), more and more
molecular data have become available (Venter et al. [2001) and phylogenetic reconstruction
has proliferated (Huelsenbeck et al., [2001) to the point of becoming the cornerstone analysis
in macroevolutionary studies (e.g. Rabosky et al., 2018; Machado et al., 2023; |Quintero et al.,
2024). In turn, the availability of phylogenetic trees has enabled more comprehensive and
elaborate quantitative investigations of the process of diversification.

Perhaps the most standard diversification rate analysis involves estimating constant spe-
ciation and extinction rates (Hey, (1992 Nee et al., [1994b). In the next section, I will explain
more in detail how one can estimate constant speciation and extinction rates from an extant
phylogeny. However, numerous extensions of the birth-death model have been developed,
where the aim is to learn more about specific aspects of diversification (Morlon et al., 2024).
In [Section 1.6]1 will give an overview of some extensions of the birth-death model that have

been developed.

1.3 Modeling species diversification with a stochastic branching

process

In this and the following two sections I will give some more detailed explanations of the
properties of the phylogenetic birth-death model. This includes how phylogenies are simulated,
where waiting times for speciation and extinction events are random variables. Next, I describe
an approach for calculating the probability of observing the reconstructed tree. This approach
is a tree-pruning algorithm, and readers who are familiar with other tree-pruning algorithms
(such as in models of molecular or morphological evolution) may find some similarities. It
is not always necessary to use a tree-pruning algorithm for calculating the probability of the
tree. For the constant-rate birth-death model in particular, the probability of the tree depends
only on the divergence times and not on the topology. However, the tree-pruning method is a
flexible approach that can easily be extended to more complex models, including those that
allow for branch-specific diversification rates. Finally, I discuss how the parameters of the
birth-death model can be estimated.

The aim of these sections is to give the reader an overview of the most basic properties
and assumptions of the standard birth-death model, which for the most part also apply to
more complex birth-death models. These aspects are often overlooked in journal articles, as
page space is devoted more so to communicating novel insights than established concepts.
However, in order to interpret empirical diversification analyses, it is crucial to have at least

a basic understanding of the birth-death model, and how it is fitted to empirical data.
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1.3.1 The generative birth-death process

The birth-death process is a generative model of evolution. Together with some starting
conditions and rules for when to stop, it constitutes a random variable. The outcome of this
random variable is a phylogenetic tree. The set of all possible outcomes of phylogenetic trees
is a probability distribution, and some trees are more probable than others. This probability
distribution is determined by the parameters of the birth-death model. Sampling phylogenetic
trees using the birth-death process is also often referred to as “simulating phylogenies”. Two

events form the building blocks of a phylogenetic tree: speciation events and extinction events.

The time until a speciation or extinction event occurs is called a waiting time. Let’s
represent the waiting time with the symbol T'. Consider an example in which events can occur
in discrete time: in the 1st million year interval (myr), in the 2nd myr interval, and so on.
Suppose that in one myr interval, a speciation event has a probability of p to happen, and
1 —p not to happen. The probability of a speciation event to occur in the 2nd myr interval, is
the probability of it not happening in the 1st myr, times the probability that it occurred in the
final myr: (1 —p) x p. If p = 0.5, then the probability halves each myr, and the probability is
(1—p) xp = 0.25 for the event to happen in the second myr. However, if we condition on that
the event did not occur, i.e., dividing by (1 — p), we return to the original event probability,
p. The probability of an event occurring after time ¢ + 1, conditional on that the event did

not yet occur, is the same as the unconditional probability of an event happening after 1 myr:
Pr(T'=t+ 1T >t)=Pr(T"=1) =p. (1)

In other words, the remaining waiting time does not depend on how much time has already
passed. This distribution is known as the geometric distribution (Fig. 1.1)).

In macroevolutionary models, however, time is usually thought of as a continuous mea-
sure. The analogue of the geometric distribution in the continuous domain is known as the
exponential distribution. Like the geometric distribution, it has only one parameter, the rate
A (or sometimes the scale 1/)), and the probability density halves every In(2)/\ units of time.
The rate parameter A is not usually something that we know, but an unknown parameter that
will be estimated. As it turns out, the geometric and the exponential are the only probability
distributions that can represent memoryless waiting times. The memoryless property (also
called the Markov property) is not primarily motivated in biological realism, but rather to
make birth-death models mathematically tractable. Although some work has been done on
relaxing this assumption (e.g., |Alexander et al|2016, see also Saulsbury et al.|2024), most

phylogenetic birth-death models are memoryless, including the ones used in this thesis.
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Figure 1.1: Possible waiting times in discrete or continuous time. In discrete time (a), the geometric
distribution describes the probability of an event occurring after a waiting time ¢. With parameter p = 0.5,
the probability mass is halved for each unit ¢ in time. In continuous time (b), the exponential distribution
is analogous. To set up an exponential distribution with a half-life of one in units of ¢, the rate parameter A
must be equal to In(2).

1.3.2 The complete birth-death process

The exponential distribution has a parameter A, which governs the overall tempo at which the
speciation events happen. A high rate (\) will correspond to short waiting times, i.e., many
speciation events in a short time interval. Extinction events are modeled analogously, but
with a different rate: u, the rate of extinction. We assume that speciation and extinction are
independent events, and so we can model the time until the next event occurs as a transformed
variable T' ~ Exp(A + ). After a waiting time randomly drawn from 7', the event is either a
speciation event (with probability A/(A+ p)) or an extinction event (with probability p/ (A +
1)). When a branching event happens, we also assume that the two child lineages evolve
independently of each other. This assumption can be relaxed, for example by having the
process depend on the overall richness or diversity at a given time (Rabosky and Lovette,
2008a; Bokmay, [2009), but no such models were used in this thesis.

1.3.3 The reconstructed birth-death process

With phylogenetic trees, one must discriminate between “complete” and “reconstructed” trees
. Complete trees are the simple scenario, where all events (branching and extinction)
are recorded in the tree. In a simulation study, or perhaps in certain empirical cases on tiny
time scales, it is possible to obtain a complete phylogenetic tree. In practice, however, and
especially on macroevolutionary timescales, it is almost impossible to obtain a complete phy-

logenetic tree. More often, we work with a phylogenetic tree that has been reconstructed by
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prune extinctions
J(

A B C A B C

Figure 1.2: An example showing how the complete tree (left) and the reconstructed tree (right) are related.
In the complete tree, there were three speciation events, one extinction event (the red cross), and three species
survived until the present. In the reconstructed tree, the extinction event is pruned from the phylogenetic
history, and it appears as if there were only two speciation events.

some means. For example, a phylogenetic tree can be inferred using a nucleotide alignment, a
model of evolution by means of nucleotide substitutions, a clock model, and a framework for
probabilistic inference (e.g., Bayesian inference). The trees produced by such procedures are
so-called “reconstructed trees”. In reconstructed trees, one can not actually see the extinction
events. Even if the tree has been reconstructed using fossil data, these are also not extinction
events (they are sampling events). Since the extinction events are not visible in reconstructed
phylogenies, the branching events leading to the extinct lineages are also not visible in the
reconstructed tree. Furthermore, one is also not usually able to include all taxa in the recon-
structed tree. Incomplete taxon sampling has a similar effect of obscuring information: since
some taxa are missing, some branching events will also be missing.

Reconstructed trees do not have complete information about the times of branching events,
nor the extinction events. Therefore, it can be tricky to learn about the underlying but
partially obscured processes of speciation and extinction. One powerful approach to study
the birth-death process is to consider the various possible events that could have led to the

“observed” reconstructed phylogeny.

1.4 Probability of observing the reconstructed tree

Here I will showcase how the probability of the reconstructed phylogeny can be calculated
using a pruning algorithm. The overall description and notation follows that of Maddison
et al.| (2007). First, I derive the extinction probability E(¢). The extinction probability does
not depend on the topology. Second, I derive the probability of observing the phylogeny, D(t).
The probability of observing the phylogeny is calculated by visiting each branch in a particular
order. Daughter branches are visited before parent branches. This is called a postorder tree
traversal, or a tree pruning algorithm. If the reader is not interested in the details regarding

how to calculate the probability of the tree, he or she may skip until
Extinction probability.— Let us begin with deriving the probability of a species at age
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t in the past going extinct before the present (¢ = 0). Consider the possible events that can
occur on a lineage, in a small time interval At in the past, such that the lineage goes extinct
before the present. We will assume that only one extinction or speciation event can happen
in the interval, but not both. The possible events leading to the extinction of the lineage are
shown in If At is sufficiently small, the probability of an extinction event happening

Extinction in At

No extinction or speciation in At, but went extinct later

A speciation event in At, but both children went extinct later

Figure 1.3: Three possible scenarios in a small time interval At that result in the lineage not leaving any
survivors.

in the time At is approximately uAt, and the probability of there not being an extinction
event is approximately (1 — pAt). The extinction probability at the present, E(t = 0), is
equal to zero if we have complete taxon sampling. Intuitively, this makes sense, since over a
zero-length time span there is not enough time to go extinct. If we have uniformly distributed
incomplete taxon sampling, F(t) is no longer the “probability of going extinct before the
present”, but instead more precisely “the probability of a lineage at time ¢ not being sampled
in the phylogeny”, and hence E(t = 0) = 1 — p, where p is the taxon sampling fraction. For
brevity, I will continue to use the term “extinction probability” for E(t). The probabilities of

the three possible events can be summed to be

E(t+ At) =
JI7AN extinction in At @
+ (1 — pAt)(1 — NAL)E(t) no events in At, went extinct later

+ (1 — pA)NALE(t)? speciation in At, both went extinct later.
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We can expand the parentheses, and gather the terms by E(¢):
E(t 4 At) = pAt 4 (12 + A2l — At — AN E(t) + (Ath — A2 ) B(t)2. (3)

Notice that some terms include At?. If At is small, then At? is tiny, and thus we can remove
the terms including At2:
E(t+ At) =puAt + (1 — Atp — AN E(t) + AtAE(t)?

E(t + At) =uAt + B(t) — AtuE(t) — AIAE(t) + AtAE(t)%. @

If we subtract E(t) from both sides, and divide by At, we are left with the difference equation:

E(t+At)—BE(t)
At = = pB() = AB(t) + AE(1)? (5)

= p— (u+ N E(t) + AE(1)?,
or if we take the limit as At — 0, we get the differential equation

U = (u et NE() + AE (Y (6)

This differential equation is exactly the same if we replace the constant speciation and extinc-

tion rates with functions that are allowed to vary arbitrarily through time (Kendall, |1948):

92— blt) — (ule) + MO)E() + M1 E(D) (7)

If A and p are constants, then a relatively simple closed-form solution exists,

e(/\ftu')t

P 3 (O 1)

E(t)=1- (8)

If A(t) or wu(t) are time-variable, then a slightly more involved solution also exists (Morlon

et al., 2011
oo AMw)—p(w)du

ol [Leld Mu—ntwdugg’

E(t) =1 (9)
Since involves two nested integrals, however, it is not always practical to evaluate it

as-is.

Tree probability.— The probability of observing a branch or a subtree can be derived
in a similar manner as we derived the extinction probability. First, we consider which events
are possible in a small time interval At, for an ancestral lineage to survive and to result in a

single descendant lineage (Fig. 1.4). The probability of these three events can be summed as
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-_— No speciation and no extinction in At

Speciation event in At, but the left descendant went extinct later

Speciation event in At, but the right descendant went extinct later

Figure 1.4: Three possible scenarios in a small time interval At that result in the lineage leaving exactly one

descendant lineage in the reconstructed tree.

D(t+ At) =
(1 — puAt)x in all cases no extinction in At
[(1 = XAt)D(t) no speciation in At
+ AAtD(t)E(t) speciation in At, left subtree went extinct
+ AAtD(t)E(t)] speciation in At, right subtree went extinct,

and we can refactor it as

D(t+ At) = D(t) — D(t)(A + p) At + 2AALD(t)E(t)
D(t+ At) — D(t)
At

= —D(t)(A + ) + 2AD(1) E(t).

Thus, the differential equation is

% = —(A+ w)D(t) + 2AD () E(t).

(10)

(11)

(12)

When a branch is visited, we find the solution to over the time span of the branch,

given some initial value. The initial value for D(t) is set to the sampling fraction p at the

tips of the phylogeny. When we encounter a speciation event in the phylogeny, we assume

that the left and the right subtrees evolved independently of each other. Therefore, the joint

probability of the two subtrees is the product of the two subtree probabilities

Dancestor(t) = Dleft (t) X Dright(t) X At)\a

(13)
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RS

Figure 1.5: A three-taxon phylogeny where the daughter branches are visited (thick lines) before parent
branches (read from left to right). This is a postorder tree traversal, also called a tree pruning algorithm.

times the probability that there was a speciation event in the short time interval when the
branching event occurred (At\). Since At is an arbitrarily small constant, At\ is usually
simplified to A (Maddison et al., |2007). Therefore, the initial value for D(¢) at an internal

node becomes
Dancestor(t) = Dleft (t) X Dright(t) X A (14)

These steps are repeated across the branches of the tree, where the daughter branches are
visited before their parent branches . We terminate the probability calculation at
the “root” node in the phylogeny, i.e., the node that represents the most-recent common
ancestor of the group. Thus, the probability of observing the reconstructed phylogeny, given

that we know the speciation rate and the extinction rates (A and ), can be phrased as

Pl“(\I’|)\, M) = Droot (troot)a (15)

where the symbol ¥ represents the reconstructed phylogeny. Often times we will also impose
certain conditions on the probability of observing the tree. For instance, we can condition on
that i) there was a speciation event at the root node, and ii) that both the left and the right

subtrees survived until the present

Droot (troot)
-
A X (1= E(troot))

condition i

Pr(|, 1) = (16)

condition ii

Imposing these conditions helps to improve the accuracy of parameter estimation (explained in
the next section) by taking into account that the reconstructed trees we study are obtained in
a systematically biased manner. For instance, if the clade did not leave any extant descendants

(i.e., it went completely extinct), we would not fit the birth-death process in the first place.

1.4.1 Alternative approaches for the probability of the tree

In the previous section, I explained how one could calculate the probability of the reconstructed
tree. For a reader who is not well-acquainted with birth-death models, this may seem like a
complicated affair. Much of the complexity in the probability calculations comes due to that

we are integrating out all possible “complete-tree” histories that are hidden due to extinction
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events or incomplete sampling of extant species. However, this is not the only way to reason

about the phylogeny in a probabilistic manner.

An alternative approach is to instead consider the probability of the complete tree, includ-
ing both extinction events and unsampled taxa. This presents a problem, as we only observe
the reconstructed phylogeny and not the complete phylogeny. As it turns out, it is possible to
simulate these hidden extinction events and unsampled extant species, with an approach called
“data augmentation” (Quintero et al., 2024, 2025). Effectively, this is a replacement of the
analytical integration of hidden extinction events and unsampled extant species with a kind
of numerical integration. With the data augmentation approach, the probability calculations
are greatly simplified. However, it introduces more complexity in terms of the computer code
that is required to sample the hidden evolutionary events. Data augmentation approaches
have great potential. They are especially flexible in terms of how the generative model is
specified, enabling researchers to test a wider range of hypotheses. Nevertheless, most phy-
logenetic birth-death approaches, including the ones presented in this thesis, do not use data

augmentation.

1.5 Inferring speciation and extinction rates

Estimating the parameter values (the speciation and extinction rates A, u) is often the goal
when conducting a diversification rate analysis. There are several ways of estimating the
parameters, however likelihood-based methods are perhaps the most principal. The actual

“likelihood” is the same as the probability of observing the phylogeny
Likelihood (A, u|¥) = Pr(W|A, ). (17)

If the likelihood and the probability are the same, one may wonder what is the benefit of intro-
ducing additional jargon. The difference is that the probability is a function of the phylogeny
W, whereas the likelihood is a function of the parameters A and u. A probability function
must sum or integrate to one over the possible observations (all possible phylogenies) for it to
represent a valid probability distribution (Devore and Berk}, 2012, p.57). The likelihood func-
tion, however, does not integrate to one. As such, the likelihood function has no probabilistic

interpretation.

There are two main paradigms in likelihood-based statistical inference. The first and
perhaps the simpler method is that of maximum likelihood. The second method is Bayesian
inference. I will summarize these two paradigms and compare with how parameter estimation

is performed in the various chapters of the thesis.
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1.5.1 Maximum likelihood

The maximum likelihood approach involves finding the combination of parameter values A
and p that maximize the likelihood function. Overall, the method of maximum likelihood has
desirable properties. Under certain assumptions, the maximum-likelihood estimator is said
to be consistent (Wald, (1949). A consistent estimator is an estimator that converges to the
true parameter value, given sufficiently many independent observations. In macroevolutionary
studies of diversification rates there is typically only one observation of the phylogeny, but
species-rich phylogenies are generally more informative than species-poor phylogenies. An
important assumption for the method of maximum-likelihood to work, is that the model must
be identifiable. If a model is not identifiable, then there exists some combination of parameter
values A\ # A2 and/or pj # uo such that

Pr(W[Ar, p1) = Pr(¥|Xg, p2), (18)

i.e., the probability function is not unique across the parameter values. The constant-rate
birth-death model is identifiable, provided that the taxon sampling fraction is fixed (Stadler],
2009). The identifiability of time-variable birth-death models will be discussed in Chapters
2 and 3.

0.30

0.25 A

0.20 -

0.15

extinction rate (u)

e maximum likelihood

0.10

0.25 0.30 0.35 0.40
speciation rate (\)

Figure 1.6: The log-likelihood surface of the constant-rate birth-death process, as a function of the speciation
rate and the extinction rate. The log likelihood is rescaled such that the maximum log-likelihood value is zero.
The contour rings represent the distance to the maximum log-likelihood value.

In the case of a simple model such as the Yule model, it is possible to derive an analytical
equation for the maximum-likelihood estimator of the birth rate. For more complex models,
however, analytical solutions are usually not available. Instead, numerical techniques can be

used to find the maximum-likelihood parameter values. A visually intuitive way of finding
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the maximum-likelihood parameter values is to perform a grid search and plot the likelihood
surface . Grid searches are however computationally expensive, especially if there are
more than a few parameters, and care must be taken to select appropriate limits and spacing
of the grid. “Smarter” and more efficient numerical optimization techniques can also be used,
for instance gradient ascent or Newton’s method. These have the disadvantage, however, of
sometimes getting stuck in local optima. The main philosophical challenge with maximum-
likelihood estimation is that it is not a good framework for assessing the parameter estimates
in a probabilistic manner. In particular, we would like for the statistical inference procedure

to inform us about whether a parameter estimate is precise or uncertain.

1.5.2 Bayesian inference

Bayesian statistics is a framework for reasoning about probabilities in the context of subjective
knowledge. In Bayesian philosophy, probability is interpreted as a “strength of belief”. This is
in contrast to frequentist philosophy, where the interpretation is “relative frequency”. In order
to use Bayesian inference on the parameters of a model, one must first establish the causal

dependencies among the parameters of the model. A convenient way to do so, is to draw a

Figure 1.7: A Bayesian belief network representing the causal dependencies (arrows) of random variables
(circles) and fixed parameters (square). The node representing the phylogeny (¥) is shaded, meaning that we
have observed a reconstructed phylogeny. A is the speciation rate, p is the extinction rate, and p is the taxon
sampling probability.

picture representing the Bayesian belief network (Pearl, |1988)), also known as a probabilistic
graphical model (Hohna et al.l [2014]). In I drew the Bayesian belief network of
the constant-rate birth-death model, where there is a causal influence of the speciation and
extinction rates (A, ) on the phylogenetic tree (¥). Using Bayes theorem, we can pose the

question “what is the probability of A and u, given that we know ¥?”

Likelihood Priors
— B ) x POy Pr()
T , ) X Pr r(p
Pr(\, u|¥) = Br(0) (19)

Normalizing factor

Here, Pr(\) and Pr(u) are the prior probabilities of the speciation and extinction rates, and
the likelihood was covered previously. The priors represent the strength of belief in what the

speciation and extinction rates are, before having observed the phylogeny. The prior strength



14 1. Introduction

of belief in the parameters is combined with the likelihood, resulting in the posterior strength
of belief . This notion of updating one’s beliefs when new evidence is presented is the
core idea of Bayesian statistics. If one wishes to obtain a point estimate for the speciation and
extinction rates, one can for example find the parameter values that maximize the posterior

probability (using hill climber methods), although this is not usually done.

prior prior + likelihood prior + likelihood — posterior
0.3 . -
=
g
£ 0.2 . .
2
< A
g &7
5 0.1 1 . .
T T T T T T T T T T T T
0.20 0.25 0.30 0.35 0.20 0.25 0.30 0.35 0.20 0.25 0.30 0.35
speciation rate (\) speciation rate (\) speciation rate (\)

Figure 1.8: An example of how Bayes theorem is used to update the strength of belief in extinction and
speciation rates when new evidence is presented. The prior strength of belief (in orange) combines with the
probability of observing the data (the likelihood, in black), resulting in an updated, posterior strength of belief
(in blue). The contours represent log probabilities, re-scaled such that the maximum log-probability is zero.
The model is the constant-rate birth-death process. The data is an empirical phylogeny of primates with 233
species (Vos and Mooers| 2006). The posterior distribution is approximated using the Metropolis-Hastings
algorithm.

Notice that I neglected to mention the unconditional probability of the phylogeny, Pr(¥).

This is the likelihood times the priors, integrated over all possible values of the parameters:

Pr(¥) = /000 /000 Pr(W|A, u) x Pr(A) Pr(p)dA\dp. (20)

Operationally, since the parameters are integrated, or “marginalized” out, it is often referred
to as a marginal probability. I think it is more intuitive to interpret its role as a normalizing
factor, in that it must be a certain value in order for the posterior probability to be a valid
probability function (i.e., the posterior probability function must integrate to one). One
challenge is that the normalizing factor can typically be difficult or impossible to calculate,
analytically or otherwise. Therefore, one can try to avoid computing the normalizing factor,
for instance by setting it to one. Then, the posterior probability function is not valid in the
narrow sense. Despite this, it can still be interpreted as an unnormalized probability function.

As it turns out, it is possible to investigate the posterior distribution using simulation
approaches, even if the posterior probability is unnormalized. For instance, the Metropolis-
Hastings algorithm (Metropolis et al., |1953; [Hastings, 1970)) is a popular method that can
be used to generate samples from the posterior distribution. However, I will not explain

the Metropolis-Hastings algorithm here, nor any other kinds of Markov-chain Monte Carlo
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(MCMC) algorithms. Besides the philosophical aspect of incorporating prior knowledge,
Bayesian inference with MCMC has another useful advantage. Namely, MCMC methods
are an excellent tool for assessing the extent of uncertainty in the parameter estimates. Since
MCMC samples are drawn from the posterior distribution, it is straightforward to assess pa-
rameter uncertainty. A typical measure for this is the 95% credible interval. It is also possible
to assess parameter uncertainty in the context of maximum-likelihood inference, for example
by computing a support interval (Edwards, [1972)). Support intervals are however impractical
for models with more than one or two parameters, and therefore it is rarely done. Never-
theless, when fitting any statistical model, it is important to consider estimation uncertainty.

Ideally, one should also report a quantitative estimate for how large the uncertainty is.

1.5.3 Inference techniques used in this thesis

The chapters in this thesis use several different approaches for parameter estimation. In
Chapters 2 and 3, we investigate nonidentifiability of the time-varying birth-death process.
Whether a model is identifiable is a fundamental property of the model, and does not de-
pend on which technique is used to estimate the parameters. That being said, we motivate
the empirical examples using time-varying birth-death models that were fitted using Bayesian
inference (Magee et al., 2020). The method presented in Chapter 4 uses a combination of in-
ference techniques. First, we fit the parameters of the birth-death-shift model using maximum
likelihood. Second, we investigate branch-specific diversification rates using techniques moti-
vated by Bayesian inference. This two-step approach is also known as an “empirical Bayes”
approach. In Chapter 5 we use the same statistical inference technique as in Chapter
4. In Chapter 6, we review several methods for estimating lineage-specific diversification
rates, and they all make use of Bayesian inference. In Chapter 7, we are not concerned
with estimating parameters, but with summarizing and visualizing RevBayes analyses. How-
ever, almost all RevBayes analyses use Bayesian inference with Markov-chain Monte Carlo
sampling, and the parameter proposals are typically Metropolis-Hastings (Metropolis et al.|
1953; Hastings, (1970), Gibbs proposals (Geman and Geman, 1984), or special tree topology
proposals (Robinson, (1971 Hein| [1990)).

1.6 Extensions of the phylogenetic birth-death model

Beyond the constant-rate birth-death model for extant phylogenies, many variations of the
birth-death model have been developed. By relaxing the model assumptions, we can gain
more nuanced insights about the process of diversification (reviewed in [Morlon et al., 2024)).
For the purpose of perspective, I discuss some variations and give citations.
Time-heterogeneous models.— Nee et al.| (1994b) provided a theoretical framework

for phylogenetic investigations of time-variable diversification rates, in particular by deriving
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the probability of the reconstructed phylogeny. Rabosky and Lovettel (2008b) and [Morlon
et al.| (2011)) extended this work by investigating time-varying patterns in empirical phylo-
genies, including the “explosive early” hypothesis. Time-variable models may also be linked
to a specific hypothesis, for example the question of whether grassland diversity is related to
atmospheric carbon dioxide (Palazzesi et al., 2022)). This kind of model usually assumes that
the environmental variable is equal across lineages of the tree, but varying over time. Further-
more, one can test whether mass extinction events are more likely to explain the phylogeny
than short periods of high extinction (Hohnaj 2015; [May et al., [2016)).

Lineage-heterogeneous models.— Another class of models is designed for testing
whether there is evidence of lineage-specific heterogeneity in diversification rates. If diver-
sification rates change along a phylogeny, the changes may be numerous and small (Maliet
and Morlon, |2022; Budd and Mannl, 2025)), but the more common assumption is for the changes
to be few and substantial (Rabosky et all 2013; Hohna et al. 2019). Several frameworks for
Bayesian inference of lineage-heterogeneous diversification rates have been developed (reviewed
in Chapter 6, Martinez-Gomez et al. 2024). Pesto is one such method, where the focus is
not only to infer lineage-specific diversification rates, but also to infer where on the phylogeny
there was a diversification rate shift event (Chapter 4, Kopperud and Hohna)2025). Overall,
Pesto and similar methods do not test specific causal hypotheses. This means that, even if
there is strong statistical support for a diversification rate shift event, we do not learn anything

about the underlying cause of the rate shift event.

Trait-dependent models.— If one has a specific causal hypotheses in mind, as for
why diversification rates have changed across lineages, it is possible to test the hypothesis
more directly. For example, one can test whether diversification rates are being influenced
by lineage-specific traits that themselves also evolve on the phylogeny (Maddison et al., [2007;
FitzJohn| |2012)). One challenge with trait-dependent diversification rate models is that the
correlation between trait and diversification rate can often be spurious. A spurious correlation
is due to mutual dependence on some unmeasured factors, instead of an inherent causal link
between the trait and the diversification process. To account for this, methods for inferring
diversification rate changes due to observed and hidden traits have been developed (Beaulieu
et al., |2013]).

Protracted speciation models.— Most phylogenetic birth-death models assume that
speciation events happen instantaneously. According to the model, there is in one moment
a single species, and after a snap of the fingers there are two species. From a biological
point of view, this is far from realistic. If speciation happens due to geographic isolation of
two populations (i.e., allopatric speciation), it can take a substantial amount of time before
the two populations are sufficiently separated (e.g., in terms of reproductive compatibility)
and subsequently become two different species (Hernandez-Hernandez et al., 2021). Even

with more rapid modes of speciation, such as reproductive isolation due to polyploidization,
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evidence suggests that the process of speciation is not instant (Slotte et al., |2008). Protracted
speciation processes are one approach for modeling speciation not as an instantaneous event
but as a gradual process (Hua et al., [2022} [Veron et al., 2025)). While no doubt more realistic
than standard birth-death models, it can be more challenging to fit protracted speciation
models to empirical phylogenies.

Diversity-dependent models.— Standard birth-death models are fundamentally ex-
ponential models of evolution. If the net-diversification rate is positive, then this leads in
expectation to an ever-increasing number of lineages. Over a long time span, this may be
unrealistic. An alternative view might be that there is a self-limiting aspect to species growth.
Analogously to how population growth is limited by factors such as land and resources, it
may be that species growth is limited by intrinsic factors such as competition for ecological
niche space (Etienne et al. 2023)). Diversity-dependent birth-death models incorporate this by
letting the diversification rates depend on the current species diversity (Rabosky and Lovette,
2008a)). Recall that in the standard birth-death model, sister lineages evolve independently
of each other. As this is not true for a diversity-dependent diversification model, it becomes
more complicated to express the probability of the phylogeny.

General framework for testing diversification rate hypotheses.— Consider the
scenario where one wishes to test two separate hypotheses about diversification. For example,
whether a) there were lineage-specific rapid radiation events, or b) rates of extinction declined
due to a change in global temperature. It is relatively straightforward to test these hypotheses
separately. However, it may be the case that both hypotheses are strongly supported in
comparison with a constant-rate birth-death model. This gives rise to several questions.
Is the former hypothesis confounded by the latter, or the opposite? Does a joint model of
lineage-specific shifts and climate-dependent extinction rate explain the data better than either
hypothesis separately? To answer these questions, one should ideally implement a joint model
where diversification rates a influenced both by lineage-specific events and environmental
factors. This is not only a mathematical problem, but also a challenge in terms of designing
the software to be flexible enough. Overall, some progress has been made in terms of providing
more flexible ways to set up birth-death models (Ronquist et al., [2021)). However, the notion
of a general framework for joint testing of multiple alternative hypotheses remains an open

problem in the field of macroevolutionary diversification dynamics.

1.7 Aims of the thesis

The general motivation of this thesis is to improve our understanding of the underlying process
of diversification that has given rise to the species diversity we see today. To do so, we aim
to advance the state-of-the-art in the field of phylogenetic diversification rate investigations.

This includes model-theoretical approaches, simulation studies, writing of software, empirical
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analyses and more. Each manuscript has more specific aims:

e Chapter 2: Improve the understanding of the nonidentifiability of time-varying birth-
death models, specifically by providing software for sampling the congruence class, and

to visualize the overall trends within the congruence class.

e Chapter 3: Provide better insights into what types of time-varying diversification rate

patterns are robust to the issue of nonidentifiability, with empirical examples.

e Chapter 4: Design a method for inference of branch-specific diversification rates, that

is feasible even for exceptionally species-rich phylogenies (> 20k taxa).

e Chapter 5: Investigate the prevalence of branch-specific shifts in diversification rates

in empirical phylogenies, as well as the nature or type of these rate shift events.

e Chapter 6: Provide a better understanding of empirical estimates of branch-specific

diversification rates, by comparing several contemporaneous inference frameworks.

e Chapter 7: Provide better tools for presentation of the results of common phylogenetic

Bayesian analyses.

FEach chapter was written to stand on their own as independent manuscripts. However, there
are some overlaps in topic. In particular, chapters 2 and 3 are about nonidentifiability of the
time-varying birth-death model. Chapters 4, 5 and 6 are all concerned with the inference of

branch-specific diversification rates and branch-specific diversification rate shift events.



Chapter 2

CRABS: Congruent rate analyses in

birth-death scenarios

A coconut crab (Birgus latro) is
capable of producing a pinching force of
up to 3300 Newton.

Oka et al.| (2016])
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2.1 Summary

. Diversification rates inferred from phylogenies are not identifiable if the rates are allowed

to vary freely over time. There are infinitely many combinations of speciation and ex-
tinction rate functions that have the exact same likelihood score for a given phylogeny,
building a congruence class. The specific shape and characteristics of such congruence
classes have not yet been studied. Whether speciation and extinction rate functions

within a congruence class share common features is also not known.

. Prior hypotheses typically render diversification rates identifiable, but the results then

depend on these a priori hypotheses and assumptions. In order to test the robustness
of diversification results to these a priori hypotheses, we use two different approaches
to explore congruence classes: (i) constructing congruent models under alternative hy-

potheses, and (ii) sampling alternative rate function within the congruence class.

. Our methods are implemented in the open-source R package CRABS. CRABS provides a

flexible approach to explore the congruence class and provides summaries of rate func-
tions within a congruence class. The summaries can highlight common trends, i.e.,

increasing, flat or decreasing rates.

. Although there are infinitely many equally likely diversification rate functions, these can

share common features. CRABS can be used to assess if diversification rate patterns are
robust despite the non-identifiability of the birth-death model.

In our example, we clearly identify three phases of diversification rate changes that are common

among all models which we sampled from the congruence class. Thus, congruence classes are

not necessarily a problem for studying historical patterns of biodiversity from phylogenies.

Key-words: Birth-death models, macroevolution, diversification rates, identifiability, con-

gruence class.
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2.2 Introduction

In macroevolution, one prominent avenue of research is to estimate macroevolutionary rates of
diversification from molecular phylogenies (Ricklefs, [2007; [Morlon) 2014]). Specifically, many
studies are interested in inferring time-varying diversification rates. Time-varying diversifica-
tion rates are used to study monotonic slowdowns/increases using continuous functions (e.g.,
Rabosky, 2006; [Morlon et al., 2011; [Hohna, [2014)), abrupt shifts in diversification rates (e.g.,
Stadler, 2011; |May et al., [2016; Magee et al., 2020]), mass extinction (e.g., Hohnal [2015; May
et al., 2016; Culshaw et al., 2019; Magee and Hohnal |2021]) and correlations to environmental
factors (e.g., Condamine et al., 2013| |2019; Palazzesi et al., 2022). While these models are
typically identifiable when estimated from time-calibrated phylogenies, they rely on specific a
priori hypotheses on the form of the time-variation of diversification rates (Morlon et al.| 2022).
Unfortunately, when relaxing these hypotheses by allowing for any continuous diversification
rate function, time-varying diversification rates are no longer identifiable (Kubo and Iwasal
1995; |[Louca and Pennell, 2020b)). That is, infinitely many combinations of speciation and
extinction rate functions, summarized within a congruence class, result in the same likelihood
given a phylogenetic tree (Kubo and Iwasay, 1995} Louca and Pennell, 2020b).

However, the existence of infinitely many equivalently likely rate functions does not imply
that one cannot draw any general conclusions (Morlon et al., [2022; |O’Meara and Beaulieu,
2021). We do not know yet which diversification rate functions are within a congruence class,
and if these diversification rate function share some specific features (e.g., rate changes at the
same time). If we obtained estimates of diversification rate functions for our study group, then
we could be interested in exploring all or a sample of diversification rate functions included in
the congruence class to identify shared features. Furthermore, we could test if different specific
diversification rate scenarios are included within a congruence class, for example, if a model
with exponentially increasing/decreasing speciation rates is included in the congruence class.
If the corresponding extinction rate is negative, which is biologically unrealistic and therefore
not allowed, then the diversification scenario is not contained within the congruence class (see
also Louca and Pennell, 2021). Similarly, we could assess if models with rate shifts at specific
times, corresponding to alternative diversification scenarios, are included in the congruence
class. These tests focus on the robustness of inferred diversification rate pattern.

Here we provide the R package CRABS (Congruent Rate Analyses in Birth-death Scenarios)
that (1) converts between models within the same congruence class, (2) samples from the
congruence class, and (3) shows common trends among models within the same congruence
class. Conversion between congruent models is useful if a researcher wants to explore alter-
native diversification scenarios, for example, “what if the extinction rate was not constant
but instead exponentially increased through time?” Sampling from the congruence class can
highlight general features of a congruence class, for example, if a researcher has estimated a

given pattern of diversification rates and wants to know if most models within the congruence
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class show a certain trend (e.g., a rate shift at time ¢). Finally, all explored models can be
analyzed to show common patterns of diversification rate increases and decreases. With our
R package CRABS, researchers can test which patterns are robust despite the non-identifiability

of speciation and extinction rates.

2.3 Theory and usage

In this section we provide the theory behind CRABS, as well as a brief overview on how to use
it. We start by explaining how CRABS processes any diversification rate function to construct
the congruence class. Next, we explain how CRABS obtains alternative (congruent) matching
pairs of speciation and extinction rates functions. Then, we show how to explore the con-
gruence class by constructing specific diversification scenarios and using diversification rate
functions generated from a process or a distribution. Finally, we demonstrate how alternative
diversification rate models within the congruence class can be summarized to assess for shared

trends.

2.3.1 Reference Speciation and Extinction Rates

Our exploration of the congruence class starts with obtaining a reference set of speciation
and extinction rates. As an empirical example, we estimated speciation and extinction rates
for the primates phylogeny from Springer et al.| (2012)) using a horseshoe Markov random
field (HSMRF) prior distribution (Carvalho et al., 2010; Magee et al., [2020) as implemented
in RevBayes (Hohna et all) [2016a)). The specific details about the data set and Markov
chain Monte Carlo settings are not important for this study, but can be found at https:
//revbayes.github.io/tutorials/divrate/ebd.html. We include the samples from the
posterior distribution in our package for convenience. We will use this example to showcase
how to explore the congruence class with CRABS.

CRABS accepts any type of function for the reference model. As an example, we will use
here a first order spline function, ¢.e., a piecewise linear rate function for the reference model.

In R, we can set up the piecewise linear rate functions as follows.

library (CRABS)
data(primates_ebd)
lambda <- approxfun(primates_ebd$time, primates_ebd$lambda)

mu <- approxfun(primates_ebd$time, primates_ebd$mu)

2.3.2 Constructing the Congruence Class

The central idea in CRABS is to construct the congruence class given a speciation and extinction

rate function. A congruence class is fully specified by either the pulled net-diversification rate
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rp(t) and the speciation rate at the present (Ag), or the pulled speciation rate A,(t). That
is, any combination of speciation and extinction rate function that result in the same pulled
net-diversification rate r,(t) and speciation rate at the present (o), or pulled speciation rate
Ap(t), belong to the same congruence class (Louca and Pennell, [2020b). We can therefore set
up the congruence class by constructing the pulled net-diversification rate 7,(¢). The pulled
net-diversification rate is defined as (Louca et al.l 2018} [Louca and Pennell, 2020Db])
1 dA(t)
t) = A(t) — wu(t —_—— . 1
rolt) = A~ l8) + 305 o (1)
The equation for the pulled speciation is (Louca et al., 2018; |Louca and Pennell, [2020b):

Mp(t) = (L= E@)AE) (2)

where E(t) is the probability that the lineage observed at time t goes extinct before the

present, and the equation for the pulled extinction rate is

pp(t) = Xo —7p(t) (3)

Currently we only use the pulled speciation rate and pulled extinction rate for visualization
purposes (e.g., . We use the pulled net-diversification rate to construct the congruence
class because it simplifies the equations.

Continuing with the primates data example, we can construct the congruence class in
CRABS as follows.

times <- seq(0, max(primates_ebd$time), length.out = 1000 )

my_model <- create.model(lambda, mu, times)

The pulled rates are computed for a set of pre-defined time points. Here, we use a fine grid
of one thousand time points to achieve a high resolution in our plots. In our experience, one
thousand time points are sufficient for plotting purposes because a higher resolution does not
improve visibility.

Then, we can plot the diversification rates together with their pulled counterparts in CRABS
using plot (my_model) (Fig. 2.1)). Studying the pulled speciation and pulled net-diversification
rates itself can highlight aspects of the congruence class (Louca et al., [2018; [Helmstetter et al.,
2022).

2.3.3 Transforming speciation and extinction rates

A researcher can either provide another speciation rate function (or extinction rate function)
and CRABS computes the corresponding extinction rate function (or speciation rate function,

respectively) so that the new pair also belongs to the same congruence class.
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Figure 2.1: Estimated diversification rates for the primates phylogeny by

Springer et al.| (2012) using an

episodic birth-death model with a horseshoe Markov random field prior (M

agee et al) [2020) in RevBayes

(Hohna et all [2016a). Here we show the speciation rate (M), extinction rate (u), net-diversification rate
(A — p) and relative extinction rate (u/A). The original rates define the reference model in CRABS (solid lines).
CRABS automatically computes the pulled speciation rate, the pulled extinction rate, as well as the pulled
net-diversification rate (dashed lines), which characterize the congruence class.
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If a user provides a new extinction rate function, p'(t), and wishes to know the corre-

sponding speciation rate, \'(t), we can compute it from the following relationship, obtained

by solving for A:

a\
O = S OP N O ) ) (1
We discuss in the Supplementary Material how this differential equation can be solved. We
note that Ag is equal for all models in the congruence class. Conversely, if a user provides a
new speciation rate function, then we can instead solve for p and get

1 N

N@ dt (5)

p(t) = N(t) —rp(ts) +

These two transformations allow us to explore the congruence class. We only need to propose
an alternative speciation rate function, or an alternative extinction rate function, and then

compute their counterpart for the new model to be within the congruence class.

2.3.4 Constructing congruent models under specific hypotheses

A first option to explore the congruence class is to test for specific alternative diversification
scenarios. For example, one can explore if a linearly or exponentially decreasing speciation rate
function is contained within the congruence class while restricting that extinction rates must
be non-negative. In principle, there are no limitations to the choice of specific diversification
scenarios and we provide several examples in our vignette (https://afmagee.github.io/CR
ABS)). This option is useful when a researcher has a specific idea regarding when diversification
rates could have changed and what shape the diversification rates function might have.

In our primate HSMRF analysis, we inferred that the speciation rate changed abruptly in
the last few million years, but the extinction rate remained comparably constant . We
note that the speciation rate appears to drive the changes in the “observed” net-diversification
rate, i.e., in our originally inferred net-diversification rate. As an illustration, we explore here
the alternative scenario if it instead was the extinction rate that drove the changes in the net-
diversification rate. Because the net-diversification rate is defined as 0(t) = A(t) — wu(t), we
construct our new diversification scenario for the extinction rate function as p/(t) = o — A(t)
where p is any arbitrary value with pg > sup(A(t)) to ensure that p/(¢) > 0. In CRABS, we only
need to specify the alternative extinction rate functions y/(¢) and then call congruent .models
(which works similar to the function congruent_hbds_model in the R package castor (Louca
and Doebeli, 2018)).

mu_scaling <- c(1.1, 1.2, 1.5, 2.0)

mu_Os <- max(lambda(my_model$times)) * mu_scaling
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mu_prime <- list()
for (i in seq_along(mu_scaling)){
mu_prime[[i]] <- local({
mu_0 <- mu_Os[i]
function(t) mu_O - lambda(t)
b

alt_models <- congruent.models(my_model, mus = mu_prime)

plot(alt_models)

Even though we constructed the extinction rate functions to be responsible for the changes
in the net-diversification rates, we observe that the corresponding speciation rate functions of
the same congruence class are never constant (Fig. 2.2)). This results in somewhat different

net-diversification rate functions although both recent rate increases remain.

2.3.5 Exploring congruent models, i.e., sampling from the congruence class

A second option is to explore the congruence class. However, because there are infinitely
many rate functions contained within the congruence class, we cannot explore every single
model within the congruence class. Instead, we can sample randomly from a distribution of
rate functions within the congruence class. We only need to specify how to create a random
sample. For example, we could sample from different exponentially decreasing rate functions,
or we could sample from a (discretized) Brownian motion process.

In CRABS, we provide ways to randomly sample from several flexible rate distributions.
These distributions can be specified using the function sample.basic.model, and
provides an overview of the options for this function. A more detailed description is provided

in our vignette (https://afmagee.github.io/CRABS).

As an example, we assume that an alternative extinction rate function corresponds to
a (log-scale) Brownian motion. Note that we cannot sample from Brownian motion as a
fully continuous function so we sample instead at specific time points and use a first order
spline function to interpolate between these time points. As a starting point for the Brow-
nian motion at the present time ¢ty = 0, we sample p, from a lognormal distribution. The
distribution is centered around the reference estimate pg. Each preceding p; is distributed as
lognormal(y;_1,0?%), where o is drawn from a half-Cauchy distribution with parameters set
following [Magee et al. (2020). We select the variance for the initial lognormal such that the
central 95%-quantile of p spans 2.5 times two orders of magnitude on the rate scale. We

repeat the entire procedure to draw each rate function.
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Figure 2.2: Alternative models contained in the congruence class. The solid black line depicts the reference
model (i.e., the model which we inferred and provided to CRABS). The four dashed lines in each plot show
four different examples where we assumed that the extinction rate function was driving the net-diversification
rates. The speciation rate functions, net-diversification rate functions and relative extinction rate functions
are computed (i.e., deduced) given the extinction rate functions to enforce that the models remain in the
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Table 2.1: Options for sampling basic models using sample.basic.model.

Argument Description

times the vector of time points that we wish to sample at

rate( the rate at the present. If not specified, will draw a
random log-normally distributed rate at the present

rate0.median median rate at present

rate0.logsd (log-scale) standard deviation of the rate at present

model either “exponential”’, “linear”, “episodic”, “MRF” for
Markov random field

direction increase or decrease for the deterministic trend

noisy whether or not to add stochastic noise (the “MRF”
component)

MRF .type one of “HSMREF”, for horseshoe-, or “GMRF” for Gaus-
sian Markov random field

monotonic whether to enforce that the rate always changes in the
same direction

fc.mean mean fold-change

min.rate minimum rate value used for rejection sampling

max.rate maximum rate value used for rejection sampling

extinction_rate_samples <- function() {

sample.basic.models(

times = primates_ebd[["time"]],
model = "MRF",

MRF.type = "GMRF",

max.rate = 0.5,

mrf.sd.scale = 2.5,

rate0.median = mu(0.0))

}

Then, we use this function extinction_rate_samples —which specifies how to generate new
samples for the extinction rate function— to sample from the congruence class, which is
done using the function sample.congruence.class. Here, we sample 20 new extinction rate

functions and automatically compute the corresponding speciation rate functions.

samples <- sample.congruence.class(
my_model,
num. samples=20,
rate.type="extinction",

sample.extinction.rates=extinction_rate_samples)

We can plot the BM-samples in CRABS, using plot(samples) (Fig. 2.3] left and middle

columns). Note that we strongly recommend users to apply several different approaches for
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Figure 2.3: Congruent models where the extinction rates were sampled from a Brownian motion. The
speciation rates were computed (i.e., deduced) to match the extinction rates so that the models remain within
the same congruence class. The net-diversification rates and relative extinction rate functions result from
the speciation and extinction rate functions. The right column depicts the change in the speciation rate
(AN = (M\i—1 — \i)/At), and a summary indicating whether the speciation rate function is decreasing, flat or
increasing assuming a threshold for AX of +e = 0.02. The asterisk (*) in the trends plot (bottom row, right
panel), and the solid black lines represent the reference model.

sampling more comprehensively from the congruence class (for examples see our vignette:
https://afmagee.github.io/CRABS) and to draw more samples than in this demonstrative

example.

2.3.6 Summarizing trends over congruent models

Once several models from the congruence class are obtained, we compute summaries of our
sampled rate functions. Recall that we are primarily interested in changes in diversification
rates over time for these models. Therefore, we compute the amount of rate change within a
small interval At

Ai1 — A
A ©)

where the index i refers to the i*" grid point used for drawing. Next, we extract at which

AN =

times the change in diversification rate (A\) is larger than a pre-defined threshold e: if A\ is
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larger than e then we paint this time as a rate increase, and if A\ is smaller than —e then we
paint this time as a rate decrease. Alternatively, we can compute the normalized rate change
of the rate function:

- AN
AN = =20
A= 5 @

The absolute rate change represents the change in the speciation rate per time, while the
normalized rate change represents the fold-change in the speciation rate per time. The absolute
rate change has the advantage that we can easily specify a comparable threshold over the entire
diversification history, while the normalized rate change has the advantage that we can easily
specify a threshold that is comparable between analyses/datasets.

Outliers can signal single rate changes detected by A\ but could also be noise. Therefore,
we implemented an option to smooth trends (either increases or decreases) by removing sin-
gleton outliers. We define an outlier as a time interval where both neighbors share the same
trend but the interval itself has a different trend. The outlier is then replaced with the same
trend as both its neighbors. This smoothing can clarify the overall signal to detect the total
number of directional changes. However, smoothing might delete sharp or instantaneous rate
changes.

In CRABS, we summarize the directional changes in the congruence class by specifying a

threshold e, in units of rate change per time.
summarize.trends(samples, threshold = 0.02)

The summary provides us with an overview of the trends: how many of the sampled models
have speciation rate functions that were increasing or decreasing at a given time. For the
example primate dataset and our choice to generate model samples from the congruence class,
we observe that sampled models had two speciation rate increases very recently, and one
additional speciation rate decrease at the present . A more detailed description of
how to summarize and interpret trends is provided in our vignette (https://afmagee.gith
ub. i0/CRABS).

2.3.7 Accommodating uncertainty in rates

In the above example, we explored the congruence class for the posterior median diversification
rates. We can also explore congruence classes for samples from posterior distributions. That is,
as an example, we compute the congruence class for 20 samples from the posterior distribution
and draw 20 alternative rate functions for each posterior sample. First, we load our posterior

samples.

data(primates_ebd_log)

posterior <- read.RevBayes(
primates_ebd_log,
n_times = 1000,
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max_t = 65,
n_samples = 20)

We plot the speciation rate functions from the posterior sample in the left panel of |Fig. 2.4| (see
Supplementary Scripts for information about plotting). Next, we generate congruent models

for each of the samples from the posterior.

samples <- sample.congruence.class.posterior(
posterior,

num.samples = 20,

rate.type = "extinction",
model="MRF",

MRF.type = "GMRF",
max.rate = 3.0,

rate0.median = mu(0.0))

This selection yields 20 samples from the posterior, which are not congruent, but for each 20
samples we generated a subset of 20 additional congruent models. Next, we can summarize

and plot the directions of change in the speciation rate function.
summarize.posterior (samples, threshold = 0.02)

Directional changes are summarized to show the number of models with an increase (or de-
crease, right panel), rather than to keep results from the same model consistent
across rows. In contrast to results based solely on the posterior median model , the
posterior samples show more disagreement between trends in direction of rate changes. Nev-
ertheless, we observe general agreement among rate functions for the same three rate changes;
two speciation rate increases in the last eight million years followed by one speciation rate

decrease very close to the present.

2.3.8 Summary of available functions

Finally, we present an overview of the most important functions available in CRABS .
We demonstrated the core functionality in the previous sections, and we also provide a vignette
where we explore more detailed features of the package. We designed CRABS to have few, but
generic functions, that allow for flexibility in exploration of the rate space in the congruence

class.

We designed CRABS to use standard ggplot objects (Wickhaml) 2016) so that plots can
easily be manipulated as any other ggplot objects. For example, it is possible to change
the axis limits, axis labels, or the time scale. This allows for flexibility in visualizing the

congruence class for other data sets than we have exemplified here.
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trends over the posterior samples and congruence class samples for each posterior sample.

Table 2.2: A summary of the core functions used in CRABS.

Function

Description

congruent.models

create.model
model2df

plot. CRABS
plot.CRABSset

sample.basic.models

sample.congruence.class
sample.congruence.class.posterior

sample.rates
summarize.posterior

summarize.trends

read.RevBayes

constructs models that are congruent with
a reference model

creates a CRABS model object

converts a CRABS model object to a data
frame, e.g., for plotting

plots a birth-death model

plots a set of congruent models

samples rate functions from various distri-
butions (see @

samples models from the congruence class
sample from the congruence classes of the
posterior samples

samples custom rate functions

plots a summary of the directional trends
in the posterior

plots a summary of the directional trends
in the congruence class

reads a RevBayes log file

2.4 Discussion and conclusions

In this paper we present the R package CRABS, Congruent Rate Analyses in Birth-death
Scenarios. CRABS is available on CRAN and the source code is available from GitHub (https:
//github.com/afmagee/CRABS). CRABS enables easy testing of the impact of non-identifiable
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diversification rates. Specifically, with CRABS anyone can explore specific alternative diversifi-
cation rate scenarios (e.g., explore if a model with constant speciation rates is included within
the congruence class), or explore equally probable diversification rate models for shared charac-
teristics. Thus, non-identifiability of diversification rates can be incorporated into conclusions

about the process shaping historical biodiversity.

In this paper, we have numerically approximated the congruence class by computing the
congruent models at given grid points. Between these grid points we choose to linearly in-
terpolate in our plotting functions. Importantly, our motivation for the exploration of the
congruence class is primarily visual (see . Alternative models produced by CRABS
are not —in a strict mathematical sense— in the same congruence class as they do not yield
the exact same likelihoods. However, the precision can be arbitrarily increased by selecting
a finer time grid. The precision can be increased sufficiently so that the features are visually
indistinguishable (see [Fig. S2.1).

In our main example of exploring a congruence class, we sampled alternative rate functions
from a Brownian motion process. This choice reflects our belief that Brownian motion might
be a good approximation of how diversification rates have changed over time, though other
approaches should be considered. The biological motivation to apply Brownian motion is
that diversification rates rarely change drastically from one time-step to another and the
change is instead gradual. We can also model rate changes with rapid shifts using a HSMRF
model (Magee et al., 2020). Alternatively, we could assume that rates of speciation and
extinction fluctuate around some central tendency, and model the behaviour of the rates using
an Ornstein-Uhlenbeck process (see (Condamine et al. 2018, Magee et al.[|2020, and [Palazzesi
et al. 2022 for comparisons of diversification rate models through time). To assist with this,
CRABS provides functions to generate alternative rate functions with stochastic changes, as
well as diversification rate functions with deterministic trends (e.g., exponential and linear).
The existing functions to explore the congruence class can accept any type of rate functions.
Although it remains unclear what the best approach to sample alternative rate functions
is, we provide some guidelines here. First, we strongly recommend to use multiple different
approaches to draw samples of rate function to suggest alternative rates. These multiple
rate functions can be summarized together in the same trend plots. Second, we strongly
recommend to explore both alternative speciation and extinction rate functions to not bias

rate changes on only either the speciation or the extinction rate.

The primary output of CRABS is the congruence class and models belonging to this con-
gruence class. Since changes in diversification rates are generally of interest, rather than the
rates themselves, we focus on summaries of the congruence class showing directional trends
in diversification rates (increasing, decreasing or flat). However, these summaries strongly
depend on the chosen threshold for assessing whether the diversification rate was changing or

not. We chose an arbitrary threshold of ¢ = 0.02, which signifies that any rate change of +0.02
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per million years is a significant trend. We recommend in practice testing summaries using a
variety of thresholds. We strongly recommend researchers begin by exploring and visualizing
specific models (as in , before examining broader sections of the congruence class
(as in [Sections 2.3.5[and [2.3.6]). Additionally, we strongly recommend users to apply different

approaches with varying degrees of smoothness for sampling from the congruence class (for
examples see our vignette: https://afmagee.github.io/CRABS).

Finally, non-identifiability of diversification rates extends to diversification rates inferred
from phylogenies with fossil taxa and phylodynamic models (Louca et al.,|2021)). In CRABS, we
currently only focus on speciation and extinction rate functions and omit fossilization rates.
However, it is possible to analyze a congruence class obtained from a phylogeny with fossil
taxa using an approach analogous to what we described here. If a specific new extinction rate
function was chosen, then both the speciation rate function and fossilization rate function can
be computed given the congruence class. The results with CRABS are still valid for speciation
and extinction rates, and could be considered as if the fossilization was simply not shown.

Non-identifiability of diversification rates has questioned the reliability and interpretation
of diversification rate estimates from current approaches. Non-identifiability is a very real
problem and should not be neglected. CRABS provides a new tool to assess if the conclusions
drawn about patterns of diversification rates are robust despite the existence of infinitely many

alternative diversification models.
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2.6 Data Availability

CRABS is available on CRAN and the source code is available from GitHub (https://gith
ub.com/afmagee/CRABS). A released version is archived and available from Zenodo (https:
//doi.org/10.5281/zenodo.7079514; |Kopperud et al. |2022b)). A detailed description of
example code is provided in our vignette (https://afmagee.github.io/CRABS).
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Chapter 3

Rapidly changing speciation and
extinction rates can be inferred in

spite of non-identifiability

Orator Fuller Cook Jr. coined the term
speciation, meaning the process where
one ancestral species splits into two new

species.

Cook| (1906)
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3.1 Significance statement

Evolutionary biologists have long been interested in studying the tempo and mode of emer-
gence and extinction of species. One widely used approach to study rates of speciation and
extinction is the stochastic birth-death model. Recent research has shown that the time-
varying birth-death model is not identifiable. Specifically, a phylogenetic tree with extant tips
does not contain sufficient information to uniquely infer time-varying rates. Non-identifiability
can be a major problem if it prohibits drawing a conclusion about the diversification history.
However, if the class of equally likely rates leads to the same conclusion, then non-identifiability
is a minor problem. We show that periods of rapid change can still be inferred, and therefore
qualitative conclusions can still be drawn.

Keywords: macroevolution, diversification, birth-death, identifiability, congruence class
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3.2 Abstract

The birth-death model is commonly used to infer speciation and extinction rates by fitting the
model to phylogenetic trees with exclusively extant taxa. Recently, it was demonstrated that
speciation and extinction rates are not identifiable if the rates are allowed to vary freely over
time. The group of birth-death models that have the same likelihood is called a congruence
class and there is no statistical evidence to favor one model over the other. This issue has led
researchers to question if and what patterns can reliably be inferred from phylogenies of only
extant taxa, and whether time-variable birth-death models should be fitted at all. We explore
the congruence class in the context of several empirical phylogenies as well as hypothetical
scenarios. For these empirical phylogenies we assume that we inferred the true congruence
class. Thus, our conclusions apply to any empirical phylogeny for which we robustly inferred
the true congruence class. When we summarize shared patterns in the congruence class,
we show that strong directional trends in speciation and extinction rates are shared among
most models. Therefore, we conclude that inference of strong directional trends is robust.
Conversely, estimates of constant rates or gentle slopes are not robust and must be treated
with caution. Interestingly, the space of valid speciation rates is narrower and more limited in
contrast to extinction rates, which are less constrained. These results provide further evidence

and insights that speciation rates can be estimated more reliably than extinction rates.
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3.3 Introduction

Macroevolutionary species diversification is often investigated using molecular phylogenetic
trees, i.e., phylogenetic trees with only extant taxa (Ricklefs, 2007; Morlon, 2014). Phyloge-
netic trees are an instrumental resource for learning about diversification phenomena such as
rapid radiations (Boschman and Condamine| 2022; Melo et al., [2022), key innovations (Burress
and Munoz, 2021, mass extinctions (May et al.|2016;[Magee and Hohnal, 2021)), biogeographic
drivers (Goldberg et all 2011} Thomson et al., |2021)), diversity-dependence (Etienne et al.,
2012), state-dependence (Maddison et al.l |2007), or environmental drivers (Condamine et al.,
2019; |Palazzesi et all 2022)). These applications typically use some variation of the recon-
structed birth-death model (Nee et al., [1994b) fitted to an extant phylogenetic tree. The
birth-death model has two main components: the speciation rate (A) that controls the tempo
of emergence of new species (birth), and the extinction rate (u) that controls the tempo of
elimination of species (death). In this study, we consider birth-death models that do not vary
across lineages, but do allow for rates to vary through time (Stadler], [2011; | Magee et al., 2020).
Recently, Louca & Pennell (Louca and Pennell, |2020b)) demonstrated that diversification
rates are not identifiable when using birth-death models fitted to extant phylogenetic trees.
Given continuously differentiable rate functions, they presented a class of so-called congruent
models that are equally likely. A congruence class is defined by the set of rate functions that
yield exactly the same distribution of reconstructed phylogenies. One consequence of this
definition of the congruence class is that all models within a congruence class have the same
speciation rate at the present, \(t =0) = \g. Additionally, some extinction rate functions
require negative speciation rates to yield the same likelihood (Louca and Pennell, 2021)) which
renders these models biologically invalid. Both constraints provide grounds for optimism that
the space of diversification rate models within a congruence class is (locally) restricted.
Unfortunately, no amount of data can alleviate the problem of non-identifiability, i.e.,
time-varying diversification rates cannot be inferred even for a phylogeny of millions of extant
taxa. One approach for non-identifiable models is to estimate compound parameters, such
as 6 in population genetics (the product of population size and mutation rate, Watterson,
1975) and branch lengths in phylogenetics (the product of the evolutionary time and the clock
rate). Once the compound parameter is estimated, one can disentangle both components by
additional assumptions, e.g., the mutation rate in population genetics or fossil calibrations or
relaxed clock priors in phylogenetics (Donoghue and Yang), 2016|). For time-varying diversifica-
tion rates, Louca & Pennell (Louca and Pennell, 2020b|) proposed to infer diversification using
transformed parameters: so-called pulled rates. Pulled diversification rates are identifiable,
however they can be challenging to interpret in the framework of the birth-death model (Helm-
stetter et al., [2022) and additional knowledge to later disentangle the rates is not yet known.
Another approach is to focus on space of models itself that are non-identifiable. Specifically,

there are infinitely many rate functions that are increasing, as there are infinitely many values
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between, say, 0.9 and 1 (0.9 < A < 1). Nevertheless we can draw qualitative conclusions that
all rate functions are increasing, or that all values of A are positive and smaller than 1. Thus,

time-varying diversification rates may be constrained albeit non-identifiable.

One concern is that congruence classes can contain contradictory temporal trends: for
example, increasing, decreasing and flat rate functions in the same time period (Louca and
Pennell, |2020b). Conversely, it is possible that some diversification rate patterns (e.g., shifts
or directional trends) are shared among all models within a congruence class, even if there
are infinitely many models. We wish to know whether certain rate patterns can reliably be
inferred, and so we need to analyze the congruence class. Here we explore the congruence
class using the recently developed method CRABS (Hohna et al., 2022). Specifically, we explore
a variety of alternative models within the congruence class, including both specific alternative
rate hypotheses and rates sampled randomly from stochastic processes. Finally, we inspect

and analyze the produced alternative models for common trends.

In this study, we investigate time-varying diversification rates in a set of phylogenetic
clades from Condamine et al. (Condamine et al., 2019). We use the time-calibrated phyloge-
netic trees to estimate diversification rates under an episodic birth-death model using Bayesian
inference (Magee et al. [2020), which gives one model from the congruence class. The episodic
birth-death model uses constant speciation and extinction rates within an interval but arbi-
trary rates between intervals and, with sufficiently many episodes and smoothing priors, can
efficiently be fitted as almost any arbitrary rate function (Magee et al., 2020} Palazzesi et al.,
2022). From the available datasets, we select three focal datasets that we believe are useful
exemplars to illustrate how the congruence class behaves under certain scenarios. These sce-
narios include (a) constant rates, (b) a single rate-shift, and (c¢) a more complex history of
rate increases and decreases. These three datasets, which we will discuss in detail, are: the
New World/African true parrots (Psittacidae, n = 330), the tyrant flycatchers (Tyrannidae,
n = 419), and the woodpeckers (Picidae, n = 223). A selection of nine additional empirical
datasets can be found in the supplemental material. To capture a more complete range of
possible diversification scenarios, we augmented our selection of empirical datasets with hy-
pothetical scenarios. Specifically, we considered rates with exponential increase and decrease,
sigmoidal increase and decrease (i.e., an up-shift and a down-shift), a modal burst event (i.e.,
a shorter period of time with accelerated rates), and linear increase and decrease. Taken to-
gether, these empirical and hypothetical models cover a wide range of realistic diversification
scenarios. Importantly, here we assume that we inferred the true congruence class and wish
to explore the characteristics of this congruence class. Thus, our examples serve as a reference
for other studies that inferred similar congruence classes regardless of the size of phylogeny.

However, robustly inferring the congruence class in the first place is not the focus of this study.
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3.4 Results

3.4.1 Estimating time-varying diversification rates

We estimated time-varying diversification rates using an episodic birth-death model (Stadler,
2011 [Hohna, [2015) implemented in RevBayes (Hohna et al., 2016a). We used the horseshoe
Markov random field (HSMRF) distribution as a prior distribution on the speciation and
extinction rates to model autocorrelation among the episodes (Magee et al. 2020). The
HSMRF distribution can be compared to a Brownian motion, as both distributions bring about
a temporal smoothing effect through time. Unlike a Brownian motion, however, the HSMRF
distribution has fat tails, so large jumps between episodes are more probable (Magee et al.,
2020). This analysis provides us with a reference model with speciation and extinction rates
that we will investigate further. We estimated diversification rates for twelve datasets although
we only show the results of three exemplary datasets in the main text (New World/African
true parrots, tyrant flycatchers and woodpeckers) and nine more examples are shown in the
Supplementary Material (Figs. S3.1|to [S3.3]).

The extinction rates for all three datasets are approximately constant and .
The diversification history of the New World/African true parrots is relatively constant; they

diversified at the same approximately constant rate throughout the entire span of the phy-
logeny , Psittacidae). The speciation rate of the tyrant flycatchers shows a single rate
shift Tyrannidae). Thus, their diversification history can be split in three parts: first
a period of constant low diversification until around 45 Ma, second a short period of a sharp
increase in speciation rate, and third another relatively constant but high period of diversifica-
tion starting at 40 Ma and continuing towards the present Tyrannidae). The inferred
speciation rate of woodpeckers depicts a more complex diversification rate scenario with in-
creases and decreases. The speciation rate inferred using the woodpeckers dataset exhibit
an initial speciation rate increase around the time the wrynecks (Jynginae) and the piculets
(Picumninae) split off (25 Ma, Picidae). After that, there is a constant period (25-18
Ma), followed by another increase in the speciation rate corresponding to the radiation of the
true woodpeckers (Picinae). After peaking at around 8 Ma, the woodpecker speciation rate
decreases towards the present. The three exemplary datasets show three qualitatively distinct
patterns: constant vs. single shift vs. complex diversification. In the following analyses, we
assume that we have inferred the correct congruence class (i.e., one representative model in
the infinite set of equally likely models). We refer the reader to other studies that focus on

estimating the correct congruence class (e.g., |Louca et al.| |2021)).

3.4.2 Alternative speciation rates may be strongly constrained

We used the R-package CRABS (Hohna et al., [2022) to explore the congruence class, i.e., to

compute the pulled diversification rates and to propose alternative congruent models. CRABS
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Figure 3.1: Exploring the congruence class by sampling alternative models. Top plot: We estimated spe-
ciation and extinction rates for the tyrant flycatchers (Tyrannidae) using an episodic birth-death model im-
plemented in RevBayes. The black line represents the posterior median, and the shaded area is the 95%
credible interval. The reference model (in black, and denoted *) has a near-zero extinction rate, and a
time-varying speciation rate with a period of rapid increase. We proposed four alternative extinction rates
((t) € {0.1,0.2,0.3,0.4}, in orange) and used CRABS to compute the congruent speciation rates (in blue). Bot-
tom plot: When the slope of the speciation rate (AX; = (A\; — X\i—1)/At) is steep and positive (AX > e = 0.02),
we consider the trend to be increasing, and analogously for decreasing (AX < —e¢). This figure corresponds to
a subset of (Tyrannidae, congruent models C, *).

takes in a proposed alternative speciation (or extinction) rate, and uses the pulled diversifica-

tion rate to determine the extinction (or speciation) rate necessary to remain in the congruence
class (Fig. 3.1)).

We made a detailed examination of alternative models for the New World/African true

parrots, tyrant flycatchers and woodpeckers (Fig. 3.2). Using a set of alternative but qualita-

tively different rate functions (see [Figs. 3.1 and and |[Figs. S3.5|to [S3.7)), we proposed both

new extinction rates and new speciation rates. We found that proposing alternative speciation
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Figure 3.2: A summary of the congruence class for three bird families: New World/African true parrots
(Psittacidae), tyrant flycatchers (Tyrannidae), and woodpeckers (Picidae). The top row depicts the posterior
median and 95% credible interval speciation and extinction rates, for the episodic birth-death model imple-
mented in RevBayes. The bottom row depicts summaries of directional trends in the congruence class, where
each row is a model. The models include alternative extinction rates that are constant (C), exponentially
increasing (I), exponentially decreasing (D), modal (M1-M3), HSMRF-distributed (horseshoe Markov random
field), and the reference model (*). If the slope of the speciation rate function is greater than the threshold
e = 0.02 (in speciation rate units per million years), or less than —e, we say that the function is increasing,
or decreasing, respectively. The trends in the net-diversification rate can be seen in an additional
nine datasets can be found in [Figs. 53.2] to [S3.4] and the exact rate shapes of the alternative models are in

Figs. 53.5|to 53.7}

rates is more difficult than proposing alternative extinction rates. When we proposed alter-
native speciation rates, we often obtained corresponding extinction rates that were negative.
This implies that many of the proposed speciation rate functions are not valid choices. Thus,
it appears that all extinction rate functions are contained within the congruence class but not
all speciation rate functions. In the next sections, we focus on proposing new extinction rates

rather than new speciation rates.

3.4.3 Rapid changes are shared among congruent models

We wish to compare shared features across the models, which raises the question, how do

we compare features among birth-death models? Biologists are often interested in whether
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Figure 3.3: Three hypothetical scenarios: a linear increase in speciation rate, an exponential decrease, and
a sigmoidal decrease. The reference model is the speciation rate in black, and a constant extinction rate of
u = 0.28. For each congruence class, we proposed various alternative extinction rates: constants (C), modals
(M), sigmoidal increase (S+), sigmoidal decrease (S—), linear increase (L-+), linear decrease (L—), exponential
increase (E+) and exponential decrease (E—), with five rate trajectories for each of these shape categories

(Fig. S3.18)). Each congruence class results in a set of models with inferred speciation rate curves (Figs. S3.22]
S3.23| and [S3.26]). We used a threshold of ¢ = 0.02 rate units per Ma to compute the significant directional
trends in the inferred speciation rates. We selected a time scale similar to the woodpecker phylogeny for

interpretability. See for the trends in the net-diversification rates.

the rates increased, decreased, or remained constant. Thus, we investigated if the directional
trends were significantly increasing or decreasing within a short time period. First, we show
the significant directional trends for the New World/African true parrots (Psittacidae), the
tyrant flycatchers (Tyrannidae), and the woodpeckers (Picidae). Then we show the significant

directional trends for the hypothetical scenarios.

We explored the congruence class for three empirical datasets . We used a variety
of alternative extinction rate trajectories to represent a wide range of possible extinction
scenarios (Figs. S3.5| to [S3.7)). The significant directional trends in the speciation rates are
consistent across the congruence class when the slope of the speciation rate is steep

Tyrannidae and Picidae). Specifically, we were able to recover the following events. The

single rate shift in the tyrant flycatchers is unanimously represented in our sample of the
congruence class (Fig. 3.2| middle column, bottom plot). For the woodpeckers, we were

able to recover two events where the speciation rate increased, and another event where the
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speciation rate decreased right column, bottom plot). When the speciation rate is
relatively constant or shallow, then there is no consistent directional trend in the speciation
rate across the congruence class. In other words, when the rates are constant, it is trivial
to propose an alternative congruent model that contradicts the diversification pattern of the

reference model. These results are corroborated by an additional nine empirical datasets that

we present in the Supplementary material (Figs. S3.2| to [S3.4)).

Despite analyzing several empirical systems, there were only a limited set of interesting
scenarios. For example, we never inferred speciation rates that were monotonously decreasing
across the time span of the phylogeny, or that resembled exponential growth or decline. To
complement our analysis of the behaviour of the congruence class using empirical datasets, we
added hypothetical scenarios with more variable shapes. These scenarios are commonly used in
diversification rate analyses (see [Hohna, 2014; | Morlon et al., [2016; Hohna et al., 2016bj; [Magee
et al., [2020). Specifically, we assessed a shallow linear increase, an exponential decrease, and
a sigmoidal decrease . The assessments from the hypothetical scenarios are similar
to the empirical scenarios. A shallow change in the speciation rate is not well recovered by
the inferred rates in the congruence class (L+ and E—, [Fig. 3.3). The steep descent of the
sigmoidally decreasing model is recovered by our sample of the congruence class. Unlike the
empirical datasets, however, this descent is not precisely overlapping in time. The proposed
models exhibit a decrease in speciation rate between 30 and 50 Ma, but with some temporal
distortion S-). In the supplemental material, we also investigated hypothetical
models where the extinction rate has a distinct pattern, and we explored the congruence class

by proposing alternative speciation rates. Similar to speciation rates, we show that rapidly

changing extinction rates are also robust to the congruence class (Figs. 53.27] [S3.28] [S3.30|

and |S3.32[t0[S3.34)). See also |Fig. S3.35| and the associated paragraph for a discussion of how

rapid is sufficiently rapid.

For both the empirical and hypothetical scenarios, we observed the strongest disagreement
of trends in the intervals near the present and . Speciation rate trends near the
present are strongly driven by the constraint that all speciation rate functions must be equal
at the present. By choosing higher alternative extinction rates than the reference extinction
rate, we obtain higher alternative speciation rates for most of the evolutionary history which
then must drastically drop towards the present to Ao (Figs. 53.5] to [S3.7)). Conversely, lower

alternative extinction rates than the reference extinction rate leads to lower speciation rates

until the present where the speciation rate rapidly increases towards A\g. Abrupt rate change
in the speciation rate near the present may be an artefact of the congruence class. However,

if one judges the actual rate values instead of the trends, then the rates are most robust in

the near present (Fig. 3.4)).
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3.4.4 Speciation rates are more constrained than extinction rates

While setting up congruent models by proposing alternative rates, we observed that extinction
rates varied more than speciation rates. In other words, the resulting distribution of congruent
speciation rates was more constrained than the distribution of congruent extinction rates. In

order to investigate this in a quantitative manner, we assessed a hypothetical model with

a single steep rate increase (time-varying A and constant pu, [Figs. 3.4 and [S3.16]). Next,

we proposed random alternative rates (drawn from an autocorrelated Brownian motion, an
Ornstein-Uhlenbeck process, and uncorrelated samples from a lognormal distribution). The

variance across the draws of congruent rates at a given time was in all cases greater for

extinction rates than for speciation rates ([Figs. 3.4] and [S3.16)) which confirms that the space

of speciation rates is smaller than the space of extinction rates. Interestingly, the variance
in the speciation rate is diminished in the period where the rate shift happens. This lends
further credibility to the notion that periods of rapid change are more reliably inferred than
periods of gentle or no change in rates. Similarly, the uncertainty, represented by the standard
deviation of the rates at a time, is smaller closer towards the present. This shows that the

actual value of the speciation rate is more robustly inferred towards the present.

3.4.5 The effect of diversification rate uncertainty is substantial

Thus far we have explored the congruence class and investigated the robustness of diversifica-
tion rate patterns of a single point estimate of the rates for each episode, either the posterior
median or a hypothetical rate. However, we must acknowledge there is substantial uncertainty
in the estimates of the speciation and extinction rates. There is uncertainty both in the mag-

nitude of the rates but also in the timing of the rate shifts (Fig. 3.2, top row; |[Fig. S3.11)).

The uncertainty in the timing of the rate shifts motivated us to test different window sizes to
assess whether rates have changed within a larger time span (Fig. S3.12]).

Recall that the posterior median trend summaries had some unambiguous trends: the
three rapid changes in the woodpeckers dataset and the single speciation rate increase in the
flycatcher dataset . When we instead study the congruence class and estimation
uncertainty together, then the signal of the three intervals is only partially present .
Thus, the diversification rate trends are no longer unambiguous. The assessment of the rate
shift is sensitive to the window size, with too small and too large windows not recovering
the trend . Regardless of the chosen window, no diversification-rate patterns are
preserved across all, or even half, of the posterior samples. In our examples, the variation
across models sampled from the posterior is much greater than the variation from within each

of those congruence classes.
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Figure 3.4: We set up a hypothetical reference model with a sigmoidally increasing speciation rate (black),
and a constant extinction rate (orange). In the following rows we proposed rates that were drawn from a
Brownian motion (with o = 0.02), an Ornstein-Uhlenbeck process (with o = 0.05, & = 0.5, § = 0.6), and
rate values drawn independently from a lognormal distribution (with mean = 0.6, logsd = 0.05). For all
proposed speciation and extinction rates we set the initial value at the present to 0.6. The standard deviation
(SD) illustrates the amount of variation in the congruent rates, for each time interval. Importantly, the
standard deviation of the extinction rate was always higher than the standard deviation of the speciation
rates, SD,,(t) > SDx(t), which indicates that the space of speciation rate functions is smaller compared to the
space of extinction rate functions within the congruence class. See for an extended version.

3.5 Discussion

3.5.1 Accuracy of speciation rate estimates near the present

The common expectation is that diversification rates can be estimated more robustly in the
near present compared with the more ancient parts of the evolutionary history of the study

group (e.g., May et al.| 2016|). From the definition of the congruence class, the value of the
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Figure 3.5: The interplay between the variation of rates in the posterior distribution and the congruence class.
Each panel represents 110 samples from the posterior distribution. These samples are not congruent. For each
of the samples, we constructed an additional 10 congruent models with horseshoe-distributed extinction rates.
The coverage represents the proportion of models that had a decreasing, increasing, or constant speciation
rate, for a particular time slice. The coverage is sorted, meaning each row does not correspond to a single
model. We calculated the slopes using a window size of 55 (AX; = (A — Ai—s5)/(ti —ti—s5)). For other window

speciation rate at the present is fixed to Ag for all models. This means that if we are able to
infer the correct congruence class, then we are also able to infer the correct speciation rate at

the present. Indeed we observed that the uncertainty in rate estimates is smallest near the

present ([Fig. 3.4} [Fig. S3.16). However, the trend of the speciation rate towards the present is

entirely determined by the choice of the extinction rate in the near present. A greater assumed
extinction rate near the present results in greater a speciation rate near the present and thus
a decline towards the present. On the other hand, a smaller assumed extinction rate near
the present results in a smaller speciation rate near the present and thus an increase towards
the present. Paradoxically, our assessment of trends in speciation rate is most volatile in the
near-present. This means our ability to estimate the actual rates is most accurate near the

present, however our ability to assess the trends in rates is worse near the present.

3.5.2 The space of valid speciation rates versus extinction rates

We demonstrated that the variation in congruent extinction rate is greater than the variation
in congruent speciation rates, in a typical model where the speciation rate varies through

time. The reason for this discrepancy in distribution is not well understood. However, we
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suspect that the speciation rates being constrained at the present ()\g) contributes to this
effect. Indeed, from our albeit limited exploration of congruent models through proposals
of alternative rates, it appears as if all extinction rates are included in the space of valid
rate functions. On the other hand, when we proposed an alternative speciation rate that was
smaller than the reference rate, this sometimes led to negative extinction rates (see
to . This phenomenon has also been observed by Louca & Pennell [Louca and Pennell
(2021)) where the alternative model within the congruence class had a negative extinction rate.
Negative extinction rates do not make sense, and if we exclude those rate shapes, then the
valid space for speciation rates is shrunk even further.

We conclude that the space of valid alternative speciation rates is narrower than the space
of valid alternative extinction rates. This supports previous evidence that speciation rates are
more reliably and accurately estimated than extinction rates from molecular phylogenies (e.g.,
Maddison et al., [2007; [Pyron and Burbrink, [2013; [Hohna, [2014} Title and Rabosky| 2019).
Furthermore, since in all our examples the pure-birth model was contained in the congruence
class, inferring the congruence class using a pure-birth model may be a more robust and

efficient approach for inference of the congruence class (see also Helmstetter et al., 2022).

3.5.3 Posterior distribution

We have assessed the congruence class issue primarily by using a single diversification rate
(the posterior median, since we used Bayesian inference). Other lines of research that use
maximum likelihood to fit the model also typically result in a single rate trajectory. Both the
posterior median and the maximum likelihood estimate are point predictions of the model fit;
neither indicate whether the rate estimates are precise or uncertain. We have demonstrated
that the uncertainty induced by credible intervals is substantial in our selection of models.
The rate uncertainty can also be substantial for models inferred using maximum likelihood,
even if the uncertainty is not explicitly investigated as is often the case.

Our results indicate that the variation of rates induced by the congruence class is, in
a sense, less than the variation represented by the inherent uncertainty in the time-varying
model. In other words, we argue that the congruence class is a smaller problem compared to the
uncertainty in rate estimates of time-varying models. The inferred trends were robust to the
congruence class but less so to the posterior uncertainty. If a shift was present in the reference
model, then all models in the congruence class agreed on the same shift unambiguously,
whereas the posterior samples varied in the timing of the rate shifts.

One of the main challenges for inferring trends when including estimation uncertainty is
the timing of the rapid rate shift. Often, there is considerable uncertainty of the exact timing
of the rate shift but less uncertainty whether the shift occurred. However, our current trend
analyses focus on whether a trend occurred at a given time interval, and therefore did not

agree among all diversification rate samples. This problem is potentially more severe when
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phylogenetic and divergence time uncertainty is included in the assessment of diversification
rate patterns. Instead of our test for a rate change at a given time interval one might instead

ask if there was at least one rate change (or how many such rate shifts there were).

3.6 Concluding remarks

Non-identifiability of diversification rates is a real issue and should be addressed when studying
temporal patterns in diversification histories. Yet, the congruence class may not be a problem
when testing for macroevolutionary diversification hypotheses in a qualitative fashion. Based
on our selection of datasets and alternative models, we argue that abrupt changes in speciation
and extinction rates are robust to the congruence class. Conversely, periods of constant or
flat speciation and extinction rates are not robust, and it is trivial to construct congruent but
contradictory evolutionary hypotheses. Furthermore, the restriction of the congruence class
that all models share the same speciation rate at the present Ay, often induces diversification
rate changes near the present. Rates are robustly estimated in the near present, however
rate shifts near the present are not and should be treated cautiously. As such, we argue that
while quantitative rate estimates are difficult to infer, it is still possible to draw qualitative
conclusions about the general pattern. Additionally, we conclude that the space of possible

speciation rate functions is more restricted than the space of possible extinction rate functions.

3.7 Materials and methods

3.7.1 Empirical datasets used as case studies

The empirical phylogenetic trees were obtained from Condamine et al. (Condamine et al.,
2019). Specifically, the three highlighted bird families were derived from the study by Jetz
et al. (Jetz et al. |2012). In our study, we used a single phylogeny as the observation, thus
treating the phylogenetic trees as known without error. We also knew the proportion of taxa
sampled (p) as the fraction of tips divided by the number of described taxa. This sampling
fraction was directly used in our study to correct for uniform incomplete taxon sampling
(Hohna et all 2011]).

3.7.2 Estimation of the reference diversification model

We fitted an episodic birth-death model to the empirical trees in RevBayes (Hohna et al.,
2016a)). Episodic models divide the time period into discrete bins, i.e., intervals, and we assume
constant speciation and extinction rates within an interval. By incorporating sufficiently many
time bins, an episodic model can approximate a model with continuously time-varying rates.
Evidence suggests that it is possible to estimate the correct congruence class, i.e., any model

that is congruent to the true model and thus has the same likelihood as the true model (Magee
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et al., 2020)), if not the true model when using episodic models (Legried and Terhorst} 2022).
We treated the rate functions as piecewise constant (100 pieces), and we used a horseshoe
Markov random field (HSMRF') process to specify a prior distribution on the speciation and
extinction rates. We followed Magee et al. (Magee et al., [2020) when specifying the parameters
of the HSMRF distribution.

Specifically, we assumed the following prior distribution for the extinction rate pg at the

present and all consecutive extinction rates p;:

§= 0.0021
v~ HalfCauchy(0, 1)

In(pp) ~ Uniform(—10, 10) (1)
oy~ HalfCauchy(0, 1)

In(p;) ~ Normal(In(p;_1), (05 x &€ x 7)?)

where £ scales the overall magnitude of the changes in accordance with the number of episodes
(here 100), and o; is the local scaling factor. We picked & = 0.0021 such that we expected
a priori In(2) shift events of magnitude two or higher. An exactly matching set of prior
distributions were assumed for the speciation rates.

We used RevBayes to fit the model in a Bayesian framework, and we used the Metropolis-
Hastings algorithm to sample from the posterior distribution. We ran four chains in parallel for
50,000 iterations, discarded the first 5,000 iterations as burnin, and compared the chains using
the Kolmogorov-Smirnov test to assess convergence (Fabreti and Hohnay, 2022, see Supplemen-
tary materials). We used the posterior median estimates for extinction rate and speciation

rate for further analyses.

3.7.3 Exploring the congruence class

We imported the fitted time-varying birth-death models into the R-package CRABS: Congru-
ent Rate Analyses in Birth-death Scenarios (Hohna et al., 2022). We used the pulled net-

diversification rate, rp, to construct the congruence class (Louca and Pennell, |2020b)):

rolt) = Mt) — u(t) + 22 2)

where t is in units of time before present. CRABS uses numerical approximations, i.e., piecewise
linear rate functions, to solve the derivative and to construct the congruence class. We used a
grid of 500 time points for the piecewise approximations, which has been shown to give precise
approximations of the underlying continuous functions (Hohna et al., [2022).

In order to construct an alternative model in the congruence class, CRABS requires an
alternative extinction or speciation rate function. Then, CRABS solves for either A or
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1, depending on which alternative rate function is proposed, to compute the corresponding
alternative extinction or alternative speciation rate function, respectively. We detail how the

alternative rate functions are proposed in the next sections.

Specific diversification hypotheses

We employed two strategies to sample alternative models from the congruence class, by gener-
ating alternative extinction or speciation rates. First, we selected a set of specific hypotheses
that are biologically distinct. For the extinction rates, we constructed constant rate functions,
increasing rate functions, decreasing rate functions, and a scenario in which there is a short-
lived increased (modal) in extinction rate (Figs. S3.5to[S3.7). Similarly, we constructed a set

of alternative speciation rate functions, including linear increasing speciation rates, and an

abrupt up-shift or down-shift (Figs. S3.5|to [S3.7]).

Drawing random diversification rates

Our second approach to exploring the congruence class was to sample rate functions from
a random probability distribution. Specifically, we used the horseshoe Markov random field
(HSMRF) (Carvalho et al., 2010; Magee et al., 2020) distribution to represent temporally
autocorrelated rates. First, the simulation starts by drawing the global variance parameter
~v ~ HalfCauchy(0,1). Then, for the case of simulating extinction rates, we draw pug ~
lognormal(fig, 1.175), where the index 0 is at the present and fig is the estimated extinction at
the present for the reference model. In the case of simulating speciation rates, we explicitly
set A\g = 5\0 because the congruence class requires that all alternative models have the same
speciation rate at the present.

For each preceding episode i we draw both a new local scaling factor o; ~ HalfCauchy(0, 1)
and then a new rate In(p;) ~ Normal(In(u;_1), (0; X & x 7)?), where ¢ scales the overall
magnitude of the changes in accordance with the number of episodes (here 100), such that we
expect a priori In(2) shift events of magnitude two or higher. This results in a distribution
of In(p;) that is centered around the previous In(p;—1), but with fat tails on each end. The

most probable draw is little to no change, but large jumps are also possible.

3.7.4 Sampling congruent models from the posterior

We sampled 110 rate functions from the posterior distribution to represent the uncertainty in
the parameter estimates. The samples were equidistant to minimize MCMC autocorrelation.
Each of these diversification rate samples have different likelihoods, meaning they are not

congruent. The individual posterior samples have more rapidly and sporadically changing
rates, as opposed to the relatively smooth median summaries (Fig. S3.11)).
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For each of these 110 samples, we constructed the congruence class and sampled 10 alter-
native models using HSMRF-distributed extinction rate functions. We fixed the initial episode
(110) of the proposed extinction rates to being equal to the posterior sample initial extinction
rate. This avoids extra artificial bias in directional trends near the present, since the specia-
tion rate must always be equal at the present (Ag). If we had chosen the same value for g for
all posterior samples, then the directional trends in speciation rate in the near present (A\)
would be completely determined by the first episode in the posterior samples.

For large proposed extinction rates, we used rejection sampling to ensure that the maxi-
mum of the proposed rate was not greater than the maximum of ug + 0.1 across the posterior
samples (woodpeckers: 0.32, flycatchers: 0.62, parrots: 0.28). For some posterior-congruent
models, we encountered numerical issues preventing us from computing the corresponding
speciation rate, and we consequently discarded these samples.

We assessed the common trends in the speciation rate functions in the resulting models
. Since the number of models are now large, we sorted the model axis such that the
“increasing” and “decreasing” bars are stacked. This means that one row no longer corresponds
to a single model. However, we can still assess the fraction of significant trend directions for

a particular time interval.

3.7.5 Assessing significant rate changes

We assessed common patterns in diversification rates by computing the trends in diversification
rate changes. Specifically, we computed the slope of the speciation rate function, as A\; =
(A —Xi—g)/(ti—t;_)), where the window size k is unity or some larger integer (see[Fig. S3.12).
If the slope is greater than some threshold €, we interpret the rate function as increasing. If
the slope is smaller than —e, we interpret the trend as decreasing. If the difference is between
€ and —e¢, we interpret it as flat.

The selection of € is to some extent arbitrary, and therefore we explored three values for
e € {0.01,0.02,0.05}. Choosing a too small € will result in small noisy changes being detected
as significant changes . Conversely, a too large € will result in no significant changes
being detected at all . In our analyses, we mainly used € = 0.02 rate units per Ma
as the threshold.

3.7.6 Specifying and exploring hypothetical scenarios

We constructed a set of specific scenarios that we deemed either biologically realistic or inter-
esting to complete the empirical exploration of the congruence class. Specifically, we assessed
constant rates, a modal burst event (i.e., a temporary increased rate over a short period of a
few million years), and linearly increasing and decreasing rates. We also considered an up-shift
and a down-shift, as well as exponentially increasing and decreasing rates. For each scenario,

we selected one reference speciation rate, and used in all cases a constant reference extinction
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rate of = 0.28. Further, we used all of the proposed rate functions as proposed alternative
extinction rate functions to explore the congruence class. Each individual rate function can
be found in the Supplementary materials, in [Figs. S3.19] to [S3.26]

3.7.7 Data and code availability

The data and code necessary for reproducing the analyses and the figures is available on github

(http://github.com/kopperud/cc_exploration).
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Chapter 4

Phylogenetic estimation of

branch-specific shifts in the tempo of

origination

The word algorithm or algorism comes
from the Persian mathematician
al-Khwarzimi (c. 780-850). His full
name is Abu ‘Abd Allah Muhammad
ibn Musa al-Khwarizmi, meaning
“Father of Abdullah, Mohammed, son of
Moses, native of Khwarizm.” The
Khwarizm region is located south of
what was Lake Khwarizm (the Aral
Sea).

(Knuthl [1997)
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4.1 Abstract

Studying rates of species diversification is one of the key themes in macroevolution. In particu-
lar, we are interested in if some clades in a phylogeny diversify more rapidly /slowly than others
due to branch-specific diversification rates. A common approach in neontological studies is to
use a phylogenetic birth-death process to model species diversification. Specifically, the birth-
death-shift process is used to model branch-specific shifts in the tempo of diversification. Here,
we present Pesto, a new method and software for estimating branch-specific diversification
rates that does not rely on Markov chain Monte Carlo simulations for fitting the model and
instead deterministically computes the posterior mean branch-specific diversification rates us-
ing only two traversals of the tree. This method is blazingly fast: the birth-death-shift model
can be fitted to large phylogenies (> 20k taxa) in minutes on a personal computer while
also providing branch-specific inference of diversification rate shift events. Thus, we can ro-
bustly infer branch-specific diversification rates and the number of diversification rate shift
events for large-scale phylogenies as well as exploring the characteristic of the birth-death-shift
model through complex and large-scale simulations. Here, we first describe the method and
the software implementation Pesto and explore its behavior using trees simulated under the
birth-death-shift model. Then, we explore the behavior of inferring significant branch-specific
diversification rate shifts using both Bayes factors and effect sizes. We find few to none false
positive inferences of diversification rate shift events but many false negatives (reduced power).
The most difficult parameter to estimate is the rate at which diversification rate shifts occur
(shift rate). Despite this, branch-specific diversification rate estimates are precise and nearly

unbiased.

Key Words: diversification, speciation, extinction, phylogeny, birth-death, macroevolution,

origination, clade-varying, branch-specific
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4.2 Introduction

Estimating rates of diversification is one of the key interests in macroevolutionary biology
and paleontology. Diversification rates are fundamental to our understanding of how histor-
ical biodiversity has changed. Recent developments in the field have focused on birth-death
models that describe the tempo of lineage diversification (Ricklefs, |2007; Morlon, 2014). This
process is highly variable; diversification rates may vary over time with episodes of mass ex-

tinctions (Raup and Sepkoskil [1982) or elevated speciation rates (Sepkoski, 1998) and vary
among branches with clades in high or low turnover (Sanderson and Donoghue, |1994} [1996;

Jetz et all 2012). Moreover, we can speculate that diversification rate variation over time is

associated with climatic or environmental factors (Hua and Wiens, 2013} Condamine et al.,

2018; [Palazzesi et al 2022) whereas diversification rate variation among branches is associ-

ated with, amongst others, key innovations or changes in habitat (Hodges and Arnold, [1995;
‘Allen and Gillooly, 2006; Weir and Schluter} 2007; |Silvestro et al., 2014). Thus, we are ul-

timately interested in linking diversification rates to, for example, underlying ecological and

environmental factors (Condamine et al) 2018). However, as a first step, we should infer

diversification rates independently to learn if there was any diversification rate variation for

the specific study group (Budd and Mann| 2025). Here, we will not consider branch-specific

shifts in diversification rates in relation to the evolution of novel characters or changes in
ecosystems, however we are nonetheless interested in identifying the branch-specific diversifi-
cation rate shifts themselves. In particular, we are interested in where on the phylogeny the
diversification rates shifted and the size of the shifts, in order to test hypotheses about the
generation of biodiversity.

In recent years, several statistical approaches were developed to estimate branch-specific
diversification rates from phylogenies (BAMM, Rabosky|[2014} CLaDS2, [Maliet et al/[2019} LSBDS,
Hohna et al|[2019; MTBD, Barido-Sottani et al.|[2020; MiSSE, [Vasconcelos et al.|[2022; RPANDA
Mazet et al. 2023} see [Martinez-Gomez et al.| 2024 for a review). One key limitation of

existing methods is that they are prohibitively slow. Existing methods rely on simulation
techniques (i.e., Markov-chain Monte Carlo simulations together with data augmentation or
stochastic mapping) with long run times (i.e., often days to weeks). To complicate matters,
these highly complex simulation algorithms are slow to converge and can often fail

\Gomez et al 2024). Thus, current methods are (i) impractical for phylogenies that contain

many tips (i.e., > 10,000) which should be of main interest to study diversification rate

variation (Rabosky et al., 2018)), and (ii) too computationally demanding to explore model

assumptions and behavior via large-scale simulation studies. We solve the computational
bottleneck by developing a novel approach that deterministically computes branch-specific
diversification rates on a given phylogeny. Thus, our approach does not suffer from convergence
issues. Our approach uses the same underlying birth-death-shift process as developed by
Barido-Sottani et al.| (2020) and Hohna et al.| (2019) and inherits its biological assumptions
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and statistical properties. Therefore, our new approach and the implementation in RevBayes
(Hohna et al., |2016a, 2019) give identical estimates of the posterior mean branch-specific
diversification rates, if the same parameters (i.e., diversification rate categories and shift rate)

and model assumptions are chosen. However, our new approach is orders of magnitude faster.

An outstanding question is whether we can reliably infer the number and location of
diversification rate shifts, or if we can only reliably estimate branch-specific diversification rates
(Shi and Rabosky, 2015; Moore et al., 2016; |Mitchell and Rabosky, 2017; [Hohna et al., 2019)).
A change in diversification rates could either be explained by several small or a few large shifts.
Therefore, the number of estimated diversification rate shifts depends strongly on the prior
assumption on the shift rate (Moore et al., 2016 [Hohna et al. |[2019). Nevertheless, hypothesis
testing using Bayes factors can be used to assess the support for alternative hypotheses despite
sensitivity to the prior (Kass and Raftery,(1995). In this study we develop an efficient approach
to infer the number and location of diversification rate shifts on phylogenies using Bayes factors
(see also [Shi and Raboskyl, 2015).

Our approach for inferring branch-specific diversification rates and branch-specific rate
shift events is inspired by Bayesian inference of ancestral discrete characters (Yang et al.,
1995; Nielsen| [2002)). However, we discovered that the probabilistic description of the birth-
death-shift model is incompatible with established theory on Bayesian belief networks (Pearl,
1988). Specifically, we are not able to represent branch-specific diversification rates as random
variables that are separable from the phylogeny (see . Thus, if we assume the
phylogeny as “observed” data, then the branch-specific diversification rates are “unobserved”
data instead of parameters of the model. This is an issue, as the prior probability and the
likelihood of branch-specific diversification rates are conflated (see also May and Rothfels,
2023). We suspect that the inseparability of prior and likelihood is also relevant for previous
approaches that used Bayesian inference to fit identical (Hohna et al., 2019; Barido-Sottani
et al., |2020) or very similar stochastic processes (Raboskyl [2014; Maliet et al., 2019} |Quintero

et al.l 2024). Nevertheless, we conceptualize our approach using ideas and terminology from
Bayesian inference theory (for more discussion see [Appendix S4.1)).

We provide a Julia implementation of our new algorithm called Phylogenetic Estimation
of Shifts in the Tempo of Origination (Pesto). The algorithm requires only two tree traversals:
one postorder (from the tips to the root) and one preorder (from the root to the tips) tree
traversal. The first pass over the tree is used to compute the likelihood scores and the second
pass is used to compute and map the posterior mean branch-specific diversification rates. We
show the time complexity of the algorithm for various tree sizes, demonstrating that Pesto
infers robust branch-specific diversification rates and diversification rate shifts for phylogenies
with > 10,000 taxa in a few minutes on a standard personal computer. We validate Pesto by
showing that branch-specific diversification rate estimates are identical to estimates obtained

using LSBDS (Hohna et al., |2019), up to some Monte Carlo error, when the identical model is
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used. Furthermore, we explore the behavior of Pesto using a simulation study and show that
parameter estimation is robust given sufficiently large phylogenies. For example, estimates of
the shift rate are less reliable when there are few shifts, i.e., if shifts are rare and/or if the
phylogeny is small. Branch-specific diversification rates are robustly inferred even for small
trees (minimum 100 taxa). Finally, we present a simulation study to explore the ability to
estimate the number and location of diversification rate shifts. Pesto is conservative in the
inference of diversification rate shift events with virtually no false positives, but has low power

(i.e., more false negative shift event inferences).

4.3 Materials and methods

4.3.1 The Underlying Theory of Pesto

Our new method Phylogenetic Estimation of Shifts in the Tempo of Origination (Pesto) re-
lies on and extends existing methods for estimating branch-specific diversification rates. The
underlying stochastic process in Pesto is equivalent to the birth-death-shift process (Hohna
et al., 2019). The existing implementations of the birth-death-shift process and similar pro-
cesses use computationally expensive techniques such as Markov chain Monte Carlo simulation
with data augmentation (Raboskyl 2014; |[Maliet et al., 2019; |[Barido-Sottani et al., 2020)) or
stochastic mapping (Hohna et al. [2019) to infer branch-specific diversification rates. The fun-
damental novelty of Pesto is our deterministic algorithm for calculating the posterior mean
branch-specific diversification rates and the number of diversification rate shifts, conditional
on the specific choice of diversification rate categories and shift rate. Unlike with simulation
approaches, the calculations are performed only once and there is no randomness or inherent
uncertainty in the inference procedure. Hence, we can run analyses in Pesto using trees that
have tens of thousands of tips in a matter of minutes on a personal computer. We describe
the details of the method in the following sections.

The birth-death-shift model.— Pesto uses the same underlying birth-death-shift pro-
cess as described by Hohna et al.| (2019), which we recapitulate here. The birth-death-shift
process has a speciation rate A, an extinction rate u, as well as a shift rate 1. Suppose one be-
gins a tree simulation with a starting (root) node that represents the common ancestor of the
clade, and that the root node has two descendant branches of unknown lengths. After a wait-
ing time modeled as an exponentially distributed random variable (with rate A+ u+n), there
are three possible events. First, there can be a speciation event, with probability A/(A+p+n),
where two new branches are created. Second, there can be an extinction event, with proba-
bility p/(A+ p+n), where the branch terminates. Third, there can be a rate shift event, with
probability /(A + p+n). At a rate-shift event, a new set of diversification rates (i.e. the pair

N, ') is chosen randomly, which we will explain in the following section. Note that we as-
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sume that the new diversification rates are independent of the old diversification rates (unlike
Maliet et all) [2019; Quintero et al. 2024). After some time ¢ has passed, the tree has either
gone entirely extinct or it has survived. If the process survived, then each species is sampled
with probability p. Finally, extinction events and unsampled species are pruned, resulting in
a so-called “reconstructed tree”, meaning that the tree appears as if it was reconstructed from

molecular or morphological data at the present.

Base distribution of diversification rates.— When a diversification rate shift event
occurs in the birth-death-shift process, new diversification rates are drawn randomly from a
base distribution. For example, BAMM uses an exponential base distribution (Rabosky, [2014)
and [Hohna et al.| (2019) proposed to use instead a log-normal distribution. However, any non-
negative base distribution could in principle be used. Thus, in addition to the exponential and
the log-normal base distributions, we also explored the use of a log-uniform and a gamma base
distribution. We parameterized the base distributions in terms of their means and variances
where applicable. Specifically, we specified the exponential distribution with a mean of 5\, the
log-normal distribution with a median of A and standard deviation of H = 0.587 (meaning
that the 2.5%-97.5% quantile interval of the base distribution spans one order of magnitude),
and the log-uniform with a mean of A and a span of one order of magnitude. For the gamma
distribution, we set the scale and shape parameters such that the mean was 5\, and the variance
was equal to that of the log-normal distribution. This results in four base distributions whose
location is controlled by the X—parameter, and the variance is either fixed or also determined
by the A parameter. We will discuss specific choices of A and the variance later in section

Estimating the parameters of the birth-death-shift model.
Discretization of diversification rates.—

Simulating a phylogeny under the birth-death-shift process with continuous base distribu-
tions is relatively straight forward. Moreover, modeling the base distributions as being fully
continuous might be the preferable approach for inference. However, it is not trivial to calcu-
late the probability of observing the phylogeny when using continuous base distributions. For
the probability calculation to be computationally tractable, we follow the birth-death-shift
implementation of the LSBDS model (Hohna et al., 2019) where an approximation approach is
used. Specifically, the continuous base distributions are discretized by splitting them into n
bins with equal probability mass (i.e., the bins represent quantiles). This results in a vector
of diversification rate classes, i.e., X for speciation rates, and [i for extinction rates. Next,
we select all pairwise combinations of X and i to form the vectors A = [A1, Ag,..., A\g] and
= [p1, 12, . . ., ju], which represent the n? = K diversification rate categories (see .
Choosing a higher number of rate classes will result in a better approximation of the base
distributions (Hohna et al., 2019). In the limit of infinitely many rate classes, the birth-
death-shift process with discrete and continuous base distributions for the diversification rates

are equivalent. Therefore, we expect that inferences made using the discrete base distribu-
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Figure 4.1: Schematic of diversification rate categories. First, Pesto estimates the speciation rate (5\ ~ 0.30)
and the extinction rate (i1 ~ 0.22) under the constant-rate birth-death process (red dot). These constant-rate
estimates are used as the mean of base distributions. Second, we select the number of quantiles (n = 6)
and the standard deviation H = 0.587 chosen such that the 2.5%-97.5% quantile interval spans one order of
magnitude. Third, we consider all pairwise combinations of the quantiles (black dots, K = n® = 36). The log-
normal distribution with n = 6 quantiles and a variance of H is the default option, however other distributions
and other number of quantiles and variances can be specified. The rate category values can also be specified
manually. Each black dot is a rate category in the birth-death-shift model, and together they represent the
range of rate heterogeneity allowed under the model. Along each branch and across time, we calculate the
probability that the process was in each rate category using |kEq. 7]

tion should converge and stabilize as more bins are used, however at the cost of increased

computational time.

4.3.2 Computing the likelihood of the phylogeny

In this section we will explain how we compute the probability density of observing the phy-
logeny, as well as how we set up the likelihood function. While there are no known analytical
solutions for the probabilities and probability densities, it is possible to find solutions using
numerical methods. The idea is to express the change in probability (density) by consider-
ing which events (i.e., speciation, extinction or rate shift events) are possible in a small time
interval At, and taking the limit as At — 0, in other words using differential equations (see
Maddison et al., 2007} [FitzJohn|, 2012 for more details on how the differential equations are
derived). As the data, we assume a rooted, bifurcating phylogenetic tree with branch lengths
in units of time. We also assume that the tree is known without error. Note that the likelihood
function is analogous to the likelihood function of a state-dependent birth-death pro-
cess without observed states (Maddison et al., 2007} |[FitzJohn, [2012; Beaulieu and O’Meara,
2016} Freyman and Hohnaj 2018) and we repeat it here as we require the likelihood function
and the probability density computations to derive our algorithm to deterministically compute

the posterior mean branch-specific diversification rates.
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Conceptually, our algorithm contains the following steps. First, we calculate the extinction
probabilities (E(t)), which are invariant to the topology and divergence times. Second, we
calculate the probability density of observing the tree (D(¢)). Since the probability density
depends on the topology and divergence times, it needs to be computed for each branch in a
postorder tree traversal. Third, we use the probability density of observing the tree to set up
the likelihood function. Note that we write scalars in plain typeface and vectors and matrices
in bold. We treat vectors as matrices with a single column and transposed vectors as matrices
with a single row. See table S1 for an overview of the notation and symbols that are used.

Computing extinction probabilities.— In order to calculate the extinction probabil-

ities, we use the following system of differential equations (Maddison et al., 2007):

dE(t

di) =p—A+p)0E(l)+ A0 E() ©E(t) + QE(1). (1)
More precisely, E;(t) represents the probability that a lineage that was in rate category j at
time ¢t went extinct before the present or was not sampled in the phylogeny. Note that we use
the symbol ® to represent element-wise multiplication. The matrix Q has entries —n on the
diagonal, and entries n/(K — 1) elsewhere. For example in the case of a three-category model,

Q would be

-n n/2 n/2
Q= |n/2 - n/2|. (2)
n/2 n/2 —n

We allow for the possibility that the taxa are incompletely sampled, but we assume an equal
probability of taxon sampling (FitzJohn| 2010; Hohna et al.,[2011). Therefore, the initial values
of the extinction probabilities are all set to Ej(t = 0) = 1 — p, where p is the known/fixed
taxon sampling fraction.

Computing the probability density of the observed branches.— The probability
of observing the branch (or subtree) at time ¢ is likewise represented as a set of differential
equations (Maddison et al.l 2007; |FitzJohn, |2012):

dDM(t)

S = (A - p+2X O E(1)) © Dy (t) + QD (1), (3)

where M is the branch index. Specifically, if M is a terminal branch, then Dy ;(t) is the
probability of observing the branch if the process was in category j at time ¢t. If M is an
internal branch, then Dy ;(t) represents the probability density of observing the subtree
descended from branch M. For initial values, we assign Dz, ;(t = 0) = p for all categories j if
M is a terminal branch. For internal branches, the initial (youngest) value of a branch M is
assigned to Dys(t) := Dy(t) © Dp(t) © A, where the branches A and B are the descendants
of branch M. We iterate and solve D, () for all branches M in a postorder traversal of the

tree (Fig. 4.2a—c) until the root node (Dg(t)) is reached.
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Figure 4.2: The algorithm for the two tree traversals on a miniature tree. The postorder pass (a—c) computes
the probabilities given the descendants (D(t), written above the branches). The preorder pass (d—f) computes
the probabilities given the tree up to but not including the descendants (F(t), written below the branches).
The white boxes on the trees correspond to the white boxes in the caption. We set D(¢1) = [1.0,1.0] at the
tips, and Fr(t3) = [0.5,0.5] at the root. The densities D(¢) and F(¢) are used to calculate the probability
that the process was in a particular rate category at a particular time, see [Eq. 7} In this example, we used
divergence times t1 = 0, t2 = 0.1, ¢t3 = 0.2, speciation rates A = [1.2,0.5], extinction rates p = [1.0,0.3], shift
rate n = 0.01, extant sampling fraction p = 1, we did not condition on survival, and we did not re-scale the
initial values.

Computing the probability of observing the tree (likelihood).— The likelihood
function for the birth-death-shift process is defined as the weighted average of the probabilities
at the root node ([Eq. 3)) over all diversification rate categories. When calculating the likelihood
of observing the tree, we condition on (i) that the two branches subtending from the root

survived until the present, and (ii) that there was a speciation event at the root:

o 1 & Dg,(t
A .

where tg is the age of the root, ¥ represents the phylogeny (i.e., topology and branch lengths),
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and we follow [Pagel (1994) in using a flat prior probability (1/K) of being in any of the
diversification rate categories at the root (see also |Goldberg and Igi¢, 2008; FitzJohn et al.,
2009; |[FitzJohn, 2012, for alternative root treatments).

Estimating the parameters of the birth-death-shift model.— Hohna et al. (2019)
argued for estimating the shift rate n jointly with the parameters of the base distributions (5\
and /1) using Bayesian inference while Rabosky et al.| (2014b) advocates using an empirical
Bayes approach to estimate the prior means of the base distributions under a constant rate
birth-death process and the shift rate 7 is replaced with a geometric distribution directly on the
number of shift events (Mitchell and Rabosky, |2017). We discovered, however, that estimating
the base distribution parameters and the shift rate jointly is more difficult than previously
thought. The joint likelihood surface includes many local optima and a hill-climber algorithm
can easily get stuck in these local optima . As a compromise, we settled for a two-
step approach . This involves first finding the maximume-likelihood estimates for 5\, I
using the simpler lineage-homogeneous constant-rate birth-death model (as done in |Rabosky
et al. |2014b). Second, we infer 7 by maximizing the likelihood of the birth-death-shift model

while keeping the other parameters fixed

L(n|¥) = L(n, A, fi, p|¥). (5)

This is also called an estimated likelihood function (Pawitan, 2001} p. 274), with which we did
not encounter any local optima issues. We note, however, that the estimated base distribution
parameters and shift rate using the two-step approach are not necessarily the same as the
true maximum likelihood estimates, and the optimal approach for selecting or estimating the

diversification rate base distribution and shift rate requires further research.

4.3.3 The posterior distribution of rate shift histories

It is not possible to directly observe the true rate shift history on a phylogeny except in the
case of simulated phylogenies. When we wish to make inferences about the birth-death-shift
process that led to an “observed" phylogeny, we consider the diversification rate shift history
to be an unobserved random variable. As we can not observe it directly, we calculate the
likelihood by considering all possible diversification rate shift histories that could have led
to the phylogeny in question (Eq. 4)). In other words, when calculating the likelihood, we
integrate across all possible realizations of the diversification rate shift history. By doing so,
however, we are omitting several aspects of interest. For example, we are interested in the
branch-specific diversification rates and how many diversification rate shift events occurred,
across branches and across time. Therefore, we wish to investigate the posterior distribution
of diversification rate shift histories, i.e., the probability distribution of the diversification rate

shift histories conditioned on the data. |Hohna et al. (2019)) showed how one could approximate
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the posterior distribution of the diversification rate shift histories using stochastic mappings
similar to stochastic character mapping for discrete character evolution (Huelsenbeck et al.,
2003). By simulating many samples of the posterior distribution of diversification rate shift
histories, one can compute summaries such as the posterior mean branch-specific diversification
rate, the posterior mean number of diversification rate shift events, or the posterior probability
that there was at least one diversification rate shift. In order for this sampling approach to
yield a good approximation of the posterior distribution, one must i) simulate with small step
sizes in time, and ii) repeat the stochastic mapping thousands or millions of times. Accordingly,
one of the main disadvantages of the stochastic mapping approach is its slow run time and
computational burden, although it is more efficient than data augmentation (Hohna et al.,
2019).

In the next sections, we will outline a deterministic algorithm that gives equivalent sum-
maries of the posterior distribution. Instead of using stochastic mappings, this algorithm is
entirely non-random (i.e., it is deterministic), and thus will yield the same results every time
the algorithm is executed. Notably, we will compute i) the posterior probability that the
process was in a particular diversification rate category, ii) the posterior mean branch-specific
diversification rates, iii) the posterior mean number of branch-specific rate shift events, iv)
the posterior probability that there was at least one rate shift event at a given branch, and
v) the Bayes factor for the support of the hypothesis that there was at least one rate shift
event at a given branch. These calculations are facilitated by simple formulae or differential
equations that need to be solved only once per branch. Compared with stochastic mapping,
our approach is much more computationally efficient and consequently the inferences can be

made in a fraction of the time.

S(t;) = aF(t;) © D(t;)
F(t;) F(t; — At) l D(t; + At) D(t;)

told t; tyoung

_ 1 told K
e

told — tyoung “tyoung j=1

Figure 4.3: A simplified schematic of the backward-forward algorithm along a branch. First, we find the
solution for D(t), by starting from tyoung and going towards the past. Second, we find the solution for F(t), by
starting from ¢4 and going towards the present. Third, we calculate the ancestral rate category probabilities
S(t), which is F(t) element-wise times D(t), normalized by « such that S(¢) sums to one for any particular
time ¢. Fourth, we compute the posterior mean speciation rate, averaged across the time interval of the branch

(A). Note that the fixed time intervals At are plotted for illustrative purposes. In the actual implementation,
the number of time intervals, and the size of the time intervals can vary.
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Preorder traversal to calculate posterior rate category probabilities.— We use a
dynamic programming approach to compute the posterior probabilities of the rate categories
(Fig. 4.3)), specifically the backward-forward algorithm (Rabiner, [1989) extended to accom-
modate a tree structure (Pearl, 1982). The motivation for applying the backward-forward
algorithm is based on the fact that the birth-death-shift process can along a lineage be seen
as a hidden Markov model where the diversification rate categories are the hidden states. The
backward pass of the algorithm was explained previously, where we calculated the probabil-
ities Djs(t). In the forward pass, we calculate the forward probabilities Fps(t). Specifically,
Fipj(t) represents the probability that the rate category was j on branch M at time ¢, given
the part of the phylogeny that is not descended from branch M at time ¢. At the root node R,
there is no ancestral node, meaning that Fg ;(tr) represents the prior probability of the rate
category being j. We assume that the ancestral diversification rate is a random variable that
is distributed according to the (discretized) base distribution. Therefore, we initialize Fr ;(t)
to 1/K at the root node (recall that each diversification rate category represents quantile in-
tervals with equal probability mass). When initializing Fg ;(t), we also condition on i) survival
and ii) that there was a speciation event at the root, in the same manner as in the likelihood
function . Since the rate category variable is the only random variable (5\, [,m, p are
fixed to their estimates), there are no other priors (see [Fig. S4.1)). In order to solve for F(t)

along the branches, we use the following set of differential equations

dF (1)
dt

=A+p-220E()) 0OFp(t) — QF s (2). (6)

Note that dF'/dt is equal to dD/dt, except the sign has changed on both the left and the right
sides. The reason for the change in sign is that we are solving dF/dt in forward time (from

ancient to recent), and therefore the time differential dt is negative.

Once we have solved F (), we compute posterior probabilities of the rate categories (see

the supplementary material for a discussion on the posterior). They are given as follows

Sa(t) = aF p(t) © Day(t), (7)

where « is a normalizing factor such that Sy (¢) sums to one (Fig. 4.3] see |Pearl||1982] 1988)).
In summary, the preorder traversal consists of two steps. First, we initialize F;(t) := Sp(t) @
Dy (t), where P is the parental branch, ¢ is the divergence time, and @ represents element-wise
division. Second, we solve F(t) along branch M. We repeat these two steps for all descendant
branches, in a preorder traversal of the tree —f). When the preorder traversal is

completed, the backward-forward algorithm is also completed.

Estimating the posterior mean branch-specific diversification rates.— Estimat-
ing branch-specific diversification rates is a key result for any method that fits the birth-death-
shift process to a phylogeny. We consider the diversification rate shift history and thus also
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the branch-specific diversification rates as random variables. For a given branch M and a
time ¢, the moments of the speciation rate A\y/(t) are weighted averages of the speciation rate
categories \;, with the weights given by their posterior probabilities, which we can use to

compute the posterior mean and variance

t)] = Z AjSwm,;(t)
] 2 (8)
Var[Ay(t Z AZSh;(t) Z AjSarj(t)

This can for example be used to compute tip rates, where the posterior mean speciation rates
are computed at the present. To summarize over a branch as a whole, we use the symbol Ay,

and get the expectation by integrating over the time span and dividing by the length of the

BOw) = [ T su,00 )

told ZL/young young

branch:

meaning that E(S\M) is the posterior mean speciation rate for branch M, and tyoung,told
represent the youngest and oldest times of branch M . If one is interested in the
variance of Az, it is possible to approximate the integral by splitting the branch into ¢ discrete
bins represented by A(t1), A(t2),... etc. Then, we can apply the standard formula for the

variance of a linear combination of correlated random variables

Var[\y] = . ZVar A (ta)] + C%Z > CovAu(ta), Aar(t)]. (10)

a=1 b>a

Since the time bins are not independent, it is necessary to calculate the covariance, which one

can calculate as

K K
COV[)\M( )\M tb ZZS M.,j tq XPMz](taatb)
7j=1 =1 (11>

X (Aj = E[Awm (ta)]) x (A = EA (1)),

where Syr;(t,) is the marginal probability of the diversification rate category being j at
time t,, and Pas;;(tq,tp) is the transition probability from category j at time t, to category
i at a younger time t¢j, normalized such that Py ;;(ts,t5) sums to one over the departure
categories j. We note that computing the variance of the branch-specific speciation rates is
significantly more computationally expensive than computing the mean. For more details on

how to calculate the posterior variance of the speciation rate, see the supplementary material.

If one is interested in the posterior mean and variance of the branch-specific extinction

rate, net-diversification rate, or relative extinction rate, one can substitute A; for p;, Aj — i,
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or /A, respectively, and use the same formulae. In order to evaluate the integrals, we use
Gauss-Legendre quadrature with n = 10 points. We want to emphasize that previous methods
(Freyman and Hohnal |2019; Hohna et al.; 2019)) used to simulate the branch-specific
diversification rates (i.e., stochastic mappings), whereas Pesto uses to compute the
posterior mean deterministically. To present the results, we plot the posterior mean branch-
specific diversification rates on the tree, however standard visualizations like scatter plots or

histograms can also be used.

Estimating the number of rate shifts.— Another key property of the birth-death-
shift process that we are interested in is the number of diversification rate shift events that
occurred across a phylogeny. As for the branch-specific diversification rates, the number of
diversification rate shifts for a particular branch is also a random variable, which we will
summarize by computing the posterior mean. The idea is to compute the average number
of diversification rate shifts in a small time interval At, by computing the probability of a
rate shift from rate category j to a different rate category ¢, and multiplying by the posterior
probability that the process was in rate category j at the time. By summing the number of
diversification shifts over several small time intervals Aty, Ats, ... across the branch, we can
calculate the total number of rate shifts across the time span of the branch. In the limit of
At — 0, the number of rate shifts converge to zero, however the change in the average number

of rate shifts per time can still be expressed as a differential equation:

dNags(t) _ | ~Swap Sy T .

0 if j =4,

where N M,i;(t) is the posterior mean number of accumulated rate shifts from a diversification
rate category j to another diversification rate category ¢ from the beginning of branch M until
a younger time t. The initial value is N M,ij(told) = 0, and the time steps dt are negative. For
the posterior mean number of diversification rate shifts to be of any note (i.e., non-zero), two
conditions must be met. First, the posterior probability that the process was in the departure
category j at time ¢ must be non-zero. Second, the probability density (of observing the
tree, given the process was in the rate category) of the arrival category i must be equal or
larger than that of the departure category j (i.e., Das,i(t) > Dar(t)). For details on how the
expression is derived, see the supplementary material. Since we can compute N M.ij for all

diversification rate shifts from any diversification rate category j to any other category i, we
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can build a rate shift matrix:

0 Nariz - Nuak
N Nr21 0
NM,K1 R 0

and group the elements N M,i; depending on which specific question we are interested in. For
example, one can group N M,ij by whether it was the speciation rate or extinction rate that
shifted. Another use case is to estimate the number of diversification rate shifts of a minimum
shift size (e.g., A — A; > 0.2). In the remainder of the manuscript, we will only focus on
the total number of shifts, Ny, = Do Zj N M,ij, regardless of whether it was a shift in the
speciation or extinction rate or both. If only the total number of diversification rate shifts is
of interest, it is possible to simplify to the following

M _ K;_Wl > Dit) > gjj((tt)) — 1| ifj+#i "
“ 0 if j =i,

yielding the same result. We emphasize that N is not the probability that a diversification
rate shift occurred. In a realization of the birth-death-shift process, the number of diversi-
fication rate shift events are integers, for example 0, 1 or 2. The posterior mean number of
diversification rate shifts N is a measure of the average or expected number of diversification
rate shifts, which can take continuous values, for example 0.01 or 0.95. While this may seem

counter-intuitive, it is not unlike how a six-sided dice roll has an expectation of 3.5.

Identification of branches with strong support for a diversification rate shift.—
In the previous section we derived an approach to estimate the posterior mean branch-specific
number of diversification rate shifts. Next, we focus on estimating whether a branch expe-
rienced at least one significant diversification rate shift. More specifically, we calculate the
posterior probability of no diversification rate shifts in a small time interval At. Over a longer
time interval such as a branch, the joint probability of no diversification rate shifts can then
be calculated as the product of posterior probabilities over successive small time intervals
Aty, Ato, etc. For computational convenience we replace the product with a sum by using
log-transformed probabilities and we express the change in the sum as a differential equation.
This allows us to use standard differential equation solvers (Tsitouras, 2011)), which give more
precise solutions. Specifically, we calculate the posterior probability of no diversification rate
shifts originating from rate category j on branch M, conditional on the process beginning

in rate category j, represented by the quantity X ;(t). The following differential equation
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describes how log X7 ;(t) changes over time

dlog Xar;(t)  m iz Dui(t) (15)
dt  K-—1 Dy, t)

where the initial value is log X(to1a) = 0, and dt < 0. We provide details of the derivation
in the supplementary material. Next, we take the weighted average across the diversification
rate categories j, with the weights being the posterior probabilities for the ancestral rate
categories (at the beginning of the branch), and take the complement. This gives us the

posterior probability that there was at least one rate shift

Pyy(> 1 shifts) = 1 — > Sy j(to1a)e'8 X tomms), (16)
J

If we want a measure of support for the hypothesis of at least one diversification rate shift on

a branch, we can calculate the Bayes factor (Shi and Rabosky 2015])

Py (>1 shifts)

was (>1 shifts)
P]\/[ (0 shifts) ?
s (0 shifts)

Bayes factor = (17)

where we use 7, (0 shifts) = e~ (tola—tyoung) 95 an approximation for the prior probability of 0
diversification rate shifts —i.e., the probability of 0 events under a Poisson distribution with
rate (told — tyoung)?-

In our exploration of how the model fitted to several test datasets, we noticed that very
short branches, which have an extremely low prior probability of a diversification rate shift,
can produce strongly supported Bayes factors even though the posterior mean number of
diversification rates shifts is very low (e.g., N < 0.05). Therefore, when considering whether a
branch showed strong support for a diversification rate shift event, we employed two criteria.
First, we required the rate shift event to have a Bayes factor of more than 10 (Jeffreys, |1961;
Kass and Raftery, |1995). Second, we required the branch to deviate substantially from an

estimate of 0 rate shifts, thus we picked N > 0.5 as a conservative criterion.

4.3.4 Birth-death-shift simulations

To assess the performance of Pesto, we designed a procedure to simulate trees under the
birth-death-shift process. We use a forward-simulation approach, in other words we begin at
the root and move towards the tips. This approach generates “complete trees”, i.e., trees that
also include extinct tips. Our simulator for complete trees rejects the tree if i) the number of
lineages exceeds the maximum, or ii) if one or both subtrees descending from the root went
extinct. In other words, we only accept trees where both the left and the right descendant

branches of the root node have at least one surviving species (i.e., conditioning on survival
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of both daughter lineages of the root, see . Next, we prune the extinct lineages from
the complete trees to form “reconstructed” trees. The information about diversification rate
shifts on the surviving lineages is kept, while the records of diversification rate shifts on the
extinct lineages is discarded. These final trees only have tips at the present, and appear as
if the tree was reconstructed or inferred based on molecular or morphological characters of
extant species.

Simulation specifics.— We simulated phylogenies under different settings to assess the
performance of the Pesto inferences in different scenarios. Specifically, we used several models
with three rate categories, ranging from low to high net-diversification rates , with
constant relative extinction (u/\). The initial diversification rate category was always the one
with the lowest net-diversification rate, meaning that i) the first rate shift that could happen
must be an upwards shift, and that we ii) expected upward shifts to be more common. We
varied the range of rate variation (from tiny to large), meaning that the difference among
the rate categories \; within each model was varying. Moreover, we simulated trees with a
time interval ranging from 25 to 125 Ma, resulting in different distributions of tree size. For
computational purposes, we rejected simulations with too many tips (> 50,000), leading to
a truncated distribution. We simulated 100 phylogenetic trees for each setting, meaning that

there were in total 2000 simulated trees (5 time intervals and 4 levels of rate variation).

Models Rate variation A1 Ao A3 11 142 143

A Tiny variation 0.12 0.15 0.18 0.08 0.10 0.12
B Small variation 0.12 0.18 0.24 0.08 0.12 0.16
C Moderate variation 0.12 0.21 0.30 0.08 0.14 0.20
D Large variation 0.12 024 036 0.08 0.16 0.24

Table 4.1: We set up a series of three-category models with net-diversification rates » = [0.04,0.04+ 3,0.04 +
20], and relative extinction rates of /A = 2/3. 8 € {0.01,0.02,0.03,0.04} controls the range of allowed rate
variation, from tiny to large. We simulated trees of varying height, including 25, 50, 75, 100 and 125 Ma
between the most-recent common ancestor and present. All simulations begin with the first category (A1, 1),
which results in up-shifts being common in the simulated trees. The speciation and extinction rates were
chosen such that the variation in tree size was not too large (i.e. such that ngps > 10° was relatively rare).
We selected a shift rate such that rate shift events are much less frequent than the branching events remaining
in the reconstructed tree (n = (A1 — p1)/50 = 0.0008).

We tested the performance of Pesto under three different scenarios. First, we used the
true diversification rate categories A and g and the true shift rate 7. Second, we used the
true diversification rate categories, but we assumed the shift rate to be unknown. Third, we
assumed that both the diversification rate categories and the shift rate were were unknown.
This allowed us to assess the estimates of the shift rate parameter, the inference of signifi-
cant branch-specific diversification rate shifts, as well as the estimates of the branch-specific
diversification rates, in various scenarios of parameter (un)certainty. To assess the inference

of branch-specific diversification rate shift inferences, we used metrics that are standard in
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binary classification problems, including accuracy, false positive ratio, and false negative ratio
(Powers), 2011)).

4.3.5 Implementation

We implemented our inference method in the Julia (Bezanson et all [2017) module Pesto.
Pesto is an acronym for Phylogenetic Estimation of Shifts in the Tempo of Origination. The
source code and documentation is available on github in the form of vignettes with exam-
ple code (https://github.com/kopperud/Pesto.jl). To solve the differential equa-
tions numerically, we use the Runge-Kutta algorithm of Tsitouras (2011) implemented in
DifferentialEquations. jl (Rackauckas and Nie, 2017). We implemented the simulations
in a different module, BirthDeathSimulation.jl (https://github.com/kopperud/BirthD
eathSimulation. j1), where it is possible to export the tree as an extended Newick string
with metadata for each node. We plotted the figures using ggtree (Yu et al., [2017)), Makie. j1
(Danisch and Krumbiegel, 2021)) and TikZ.

4.4 Results

We implemented an extremely efficient method for inferring branch-specific diversification
rates and diversification rate shifts under the birth-death-shift process. Pesto uses the same
underlying model, the birth-death-shift process, as the LSBDS implementation in RevBayes
(Hohna et al., [2016a;, [2019). Note that the LSBDS implementation of the birth-death-shift
model can estimate the parameters of the base distributions (and the shift rate) jointly using
hierarchical models, whereas our approach in Pesto can not. Therefore, the results of a Pesto
and LSBDS analysis may in practice be different. If the same model is chosen, however (i.e., the
prior distributions and discretization is identical) the two methods will give exactly the same
estimates. We show the equivalence in and thus validated our implementation. The
efficiency of our method enabled us to set up many tests for exploring various model choices
and their impact on parameter estimates, which we explore in the following sections.

The primary use case of Pesto is to estimate branch-specific diversification rates and to
infer branch-specific diversification rate shift events. As an example, we show the estimated
number of accumulated diversification rate shifts and the average speciation rates —plotted
with different colors and mapped on the branches of the phylogeny— for primates (Vos and
Mooers, 2006), . Based on the primates phylogeny, our posterior mean estimate for the
total number of diversification shifts is N = 4.9, summed across all diversification rate shifts
and across all branches in the phylogeny. However, only one branch experienced a significant
diversification rate shift event. On the branch that led to the Old World Monkeys clade
(Cercopithecidae), we estimated that the number of diversification rate shifts is far higher

A

than what is typical on other branches (N = 0.91 vs close to zero) and this branch had strong


https://github.com/kopperud/Pesto.jl
https://github.com/kopperud/BirthDeathSimulation.jl
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Figure 4.4: Posterior mean number of diversification rate shifts (a) and posterior mean branch-specific
speciation rates (b) on the primate phylogeny (Vos and Mooers| [2006). We estimated the highest number of
diversification rate shifts on the branch that led to the Old World Monkeys clade (Cercopithecidae). There are
many branches with a low (but non-zero) posterior mean number of diversification rate shifts, which are not
discernible using a simple color gradient. The estimate for the shift rate is n = 0.0032 number of diversification
rate shift events per time per lineage. The posterior mean number of diversification rate shifts is N =091
on the red branch, whereas the across the whole tree it is N = 4.9. There are 233 species in the primate
phylogeny, and we assumed an equal taxon sampling probability of p = 0.62 (i.e., we assumed that there were
376 species in total, |Groves|2005). See for the model design.
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statistical support to have experienced at least one diversification rate shift event (with a
Bayes factor of 173). This corresponds to the visual interpretation of one clear diversification

rate shift (Fig. 4.4), whereas the additional diversification rate shifts are inferred with low
frequency and low magnitude distributed over the remaining branches.

4.4.1 Evaluation and Exploration of Pesto & Methods Choices

Impact of the diversification rate priors.— When a rate shift occurs under the birth-
death-shift process, the new diversification rates are determined based on a base distribution

(Hohna et al) 2019). This base distribution could have many different shapes, for example,

a log-normal distribution, a log-uniform distribution, an exponential distribution (e.g., as
used in BAMM, , or a gamma distribution. So far, little is known about which
base distribution is most realistic for diversification rates and what impact the choice of the
base distribution has. The base distribution governs the rate heterogeneity allowed under the
model. If the base distribution is too narrow or too wide, then the model may not be adequate
to explain the data. Importantly, each potential base distribution has a different shape and

therefore spreads the values differently.
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Figure 4.5: Impact of different base distributions on the branch-specific diversification rate analyses. Panel

a) depicts the probability density functions of the log-normal (log-mean = log(\), o = 0.587), log-uniform
(mean = \, one order of magnitude range), exponential (mean = 5\) and gamma (mean = \, variance equal
to the variance of the log-normal) distributions for the speciation rate. For all models, we drew 10 quantiles
from the distributions, and we estimated 1 conditional on A and g using maximum likelihood. Panel b) shows

the relative support (AlogL) for each prior distribution. Panel c) depicts the expected number of shifts across
all branches in the primate phylogeny.

For the primates example we see that the choice of base distribution has an impact on the
estimated number of rate shifts (Fig. 4.5¢). The posterior mean number of rate shifts were 4.9,
6.6, 5.7 and 6.6 for the log-normal, log-uniform, exponential and gamma base distributions,

respectively. The pattern of one strongly supported branch was supported for the log-normal,
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log-uniform and gamma distributions (N ~ 0.91 and Bayes factor in the range of 109-173).
The exponential distribution also showed strong support for the Old World Monkeys branch
(N = 0.92 and a Bayes factor of 162), but additionally weaker support for a second branch
(in the guenon clade, Cercopithecus). This second branch had a low number of estimated rate
shifts (N = 0.02) and weaker but still strong statistical support (with a Bayes factor of 11),
but the overall magnitude of the rate shift was small. The pattern of many branches with few
number of rate shifts (N < 0.2) was consistent across all four choices of the base distribution.
The branch-specific diversification rate estimates were quantitatively different across the four
base distributions (at most by 0.05 speciation rate units), but all four choices were consistent

in inferring much higher rates for the Old World Monkeys clade.

In principle it could be possible to choose base distributions based on model testing
(Fig. 4.5b). For the remainder of this study we choose the log-normal distribution as the
base distribution because it was the most supported distribution in this test case and has two
main advantages. First, the standard deviation and thus the range of values can be specified
independently of the mean (which is not possible for the exponential distribution). Second,
the distribution is centered around an a priori specified value compared to assigning the high-
est density to small values, as is done for the log-uniform distribution (Fig. 4.5a). Overall, we
expect the log-normal and gamma prior distributions to produce similar results as both dis-
tributions can resemble one another, although the gamma distribution is usually more skewed
towards smaller values (Fig. 4.5p).

Impact of the number of rate categories.— The base distributions of the birth-
death-shift process are, in theory, full continuous distributions. Therefore, the number of
possible rate categories is infinite. However, the approach implemented in Pesto is limited
to a finite number of rate categories. Ideally, we would like to pick as many rate categories
as possible, as the model will potentially fit better. In practice, we want to pick as few rate
categories as possible, since more categories increase the computational time. In other words,
we need to establish at what point adding more rate categories does not change the number
of inferred diversification rate shifts, nor the branch-specific diversification rate estimates.
We tested whether the number of allowed rate categories had a systematic impact on the
estimates of the number of shifts and the branch-specific diversification rates for the primates
tree . When the state space is small, for example increasing the number of categories
from 4 to 9, or from 9 to 16, there is some impact on the number of diversification rate
shifts and the branch-specific diversification rates . However, the estimates appear
to stabilize when additional categories are used (n > 6). This indicates that the number of
diversification rate shifts and branch-specific diversification rates are not systematically biased

by the decision to use discrete rate categories.

Impact of the shift rate parameter on the number of diversification rate shifts.—

Estimating the number of diversification rate shift events is arguably the most exciting result
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Figure 4.6: The impact of the number of rate categories on the number of rate shifts (a) and branch-specific
rate estimates (b). All analyses are made on the primates phylogeny (Vos and Mooers) [2006). The bimodal
distribution for average branch rates in (b) reflects the Old World Monkeys clade vs all of the other primates
(see [Fig. 4.4)). The number of rate categories does not systematically bias the posterior mean number of rate
shifts (a), nor the branch-specific rate estimates (b).

of branch-specific diversification rate methods (Alfaro et al., 2009; [Rabosky, 2014). Previ-
ously, Moore et al. (2016|) argued that estimates of the number of diversification rate shifts
are not reliable and driven entirely by the choice of prior. That is, for a low rate of shifts, the
methods infer few diversification rate shift events (or conversely, many events for a high shift
rate). Our exploration of the impact of the shift rate parameter 1 on the posterior mean num-
ber of diversification rate shift events discovered several important aspects. First,
the total number of shifts is sensitive to the shift rate 7 (see also [Hohna et al., 2019). Second,
the posterior mean number of diversification rate shifts is almost perfectly correlated with the
prior number of shifts when the shift rate 7 is large (Fig. 4.7c). When 7 is small, however, the
posterior number of diversification rate shifts is invariant to the rate prior (Fig. 4.7c). Thus,
there is some but weak information in the phylogeny to estimate the number of diversification
rate shifts.

A common approach to assess the support for a hypothesis, e.g., how many diversification
rate shift events occurred along the phylogeny, is to use Bayes factors (Jeffreys| |1961; Kass
and Raftery] [1995)). Bayes factors are defined as the ratio of marginal likelihoods of the data
between two hypotheses, e.g., if there was at least one diversification rate shift on the branch
vs. no diversification rate shifts. The marginal likelihood is the integral over all parameter
values, e.g., the branch-specific diversification rates, weighted by the prior of the parameters.
Thus, Bayes factors have the advantage that they account for the prior on the number of
diversification rate shift events. Nevertheless, Bayes factors are not independent of the prior
on the shift rate ) Since the marginal likelihood is often difficult to compute, as for
the birth-death-shift process, one can compute instead the Bayes factor as the posterior ratio
divided by the prior ratio . We implemented and explored branch-specific Bayes factors
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Figure 4.7: Branch-specific support for there being at least one shift, and the impact of the shift rate
parameter (n) on the diversification rate shift inferences, for the primates phylogeny. The Bayes factors per
branch (see are computed using the maximum-likelihood estimate of the shift rate (n = 0.0032). The
most supported branch, with a Bayes factor of 173, is the branch that led to the Old World Monkeys clade.
If the Bayes factor is above 10, we consider the diversification rate shift to be strongly supported. Panel b)
shows the impact of the shift rate (n) on the number of supported branches. With our maximum-likelihood
estimate of the shift rate, there was one strongly supported branch. If the shift rate is much smaller, then
there is more than one strongly supported branch. The posterior mean number of diversification rate shifts
(N) is highly correlated to the prior expectation (E[N] = nt, where t is the tree length), except when the prior
is small (c). Note that when the prior and posterior mean number of diversification rate shifts diverge (c) the
Bayes factors become larger, which in turn results in statistical support for more branches (b).

for detecting diversification rate shifts ,b). Indeed, we found that the Bayes factors
are not independent of the shift rate parameter (n), which controls how many diversification
rate shifts we expect a priori. Nevertheless, for the maximum likelihood estimate of the shift
rate (n = 0.0032) we inferred one branch with a strong support for a diversification rate shift
(Bayes factor = 173).

Run time.— The run time of Pesto is the main advantage over similar methods that
infer branch-specific diversification rates. We only perform two passes of the pruning algorithm
to compute the likelihood function (backward pass) and find the posterior mean number of
diversification rate shifts and branch-specific diversification rates (forward pass, .
Furthermore, our approach has the tremendous advantage that the diversification rate category
probabilities are computed precisely, without the common Monte Carlo uncertainty. Thus,
convergence of branch-specific diversification rate estimates is guaranteed and convergence
assessment is not necessary. Every analysis will yield exactly the same results, provided the

same model and phylogeny are used.

In we provide an overview of how long one can expect to run the program with
various number of taxa in the phylogeny. The entire analysis takes about 1 second for a phy-
logeny with 100 taxa, whereas it takes less than 20 minutes for a phylogeny with 20,000 taxa.
The backwards pass and the forwards pass (calculating D(¢) and F(¢)) scales approximately
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Figure 4.8: Time benchmarks of the inference procedure. The run time of Pesto is plotted, partitioned into
the log-likelihood calculation , the branch-rate calculation (postorder and preorder pass, D(t),
and F(t), [Eq. 6), the maximum-likelihood estimation of the shift rate (7)), and the number of shifts calculation
(N(t), . We repeated these for a range of simulated phylogenies, all with n? = 36 rate categories. All
time measurements are repeated five times, and we present the median £ the interquartile range. Time spent
for installation, just-in-time compilation and garbage collection is not shown.

linearly with the number of tips, and quadratically with the number of rate categories. Com-
puting the posterior mean number of diversification rate shifts N is considerably slower, and
scales worse than linear (but better than quadratic) with the number of tips. shows
the run times using a single thread, however in the default settings we use multi-threading to
calculate both the likelihood and N in parallel, meaning that one can expect the computation
to be faster in practice. In our experience, finding the maximum-likelihood estimate for the
shift rate parameter 7 is often the bottleneck of the inference procedure for small trees, requir-
ing around 50-60 likelihood evaluations before a good estimate for 7 is found. We performed
the time benchmarks using a desktop machine with an Intel Core i7-9700 CPU with a nominal
clock rate of 3.0 GHz. Note that we did not want to compare the speed of Pesto to alternative
implementations, e.g., LSBDS, as other implementations need to be carefully tailored to set up
the length of the MCMC chain to achieve convergence. Nevertheless, Pesto runs easily 100
to 1000 times faster than LSBDS.

4.4.2 Simulation Study

In order to test the robustness of Pesto, we performed parameter estimation on phylogenies for
which we knew the true model parameters, i.e., simulations. Note that we did not simulate un-
der the exact same model as our inference settings, as we predefined different scenarios of rate
variation . Our prior settings for the inference on the rate variation is conservative,

i.e., wider than realistic, which renders simulations computationally or practically infeasible.
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Furthermore, our simulations were not conditioned on specific outcomes, for example by con-
ditioning on exactly one rate shift event, as has been done in some previous simulation studies
(Rabosky, |2014). Thus, our simulations include realizations with zero, one or many rate shifts
and explore the robustness of Pesto in a more agnostic but also more challenging scenario.
Finally, the insights of our simulation study should extrapolate to other methods that rely on

the same or similar underlying models and theory (see also Martinez-Gomez et al. 2024)).

Robustness in estimates of the shift rate.— We estimated the shift rate both when
we considered the speciation and extinction rate categories as known and unknown. First,
we will discuss the known case, where we set the speciation and extinction rate categories
(A, ) to their true values (see [Table 4.1). The results indicate that it is almost impossible
to accurately estimate the shift rate for small trees (< 100 taxa). For large trees (> 10,000
taxa), the shift rate estimates converge to the true value. broadly shows a bimodal
distribution of estimates for the shift rate: one mode close to zero, and a second mode clearly
larger than zero. Most of the trees with an estimated shift rate near zero either did not have
any true shifts, or experienced shifts close to the present (e.g., on a terminal branch) during
the simulation. Note that some shift rate estimates converged to our pre-defined boundary
of the allowed parameter range (upper limit equal to one half times the maximum speciation
rate). For these situations we noticed that the likelihood curve is flat and the hill-climbing

algorithm can diverge.

Not surprising, when we consider the speciation and extinction rate categories (A, p) as
unknown, it becomes more difficult to estimate the shift rate accurately , bottom
row). Overall, the estimation error in 7 is larger if we also want to estimate the parameters of
base distributions. For large trees, the shift rate estimates converge closer to the true values.
However, estimates of the shift rate are biased even for very large trees (50,000 taxa) — with
underestimates of about one order of magnitude. This is likely due to the diversification rates
being estimated using the constant-rate process (5\, fi), which are not representative when the

true tree has undergone rate shifts.

Robustness of estimation in the number of diversification rate shifts.— We also
assessed how well Pesto can estimate the number of diversification rate shifts from simulated
phylogenies. Altogether, 54.7% of the simulated trees experienced at least one diversification
rate shift. Among these, shift histories with a single diversification rate shift were the most
common (27.1%), and more numerous shifts less common. The mean number of diversification
rate shifts (among the trees with at least one rate shift) was 8.3, while the median was 3. Before
we discuss the quantitative results, we first present two hand-picked simulation-and-inference
pairs that are useful in guiding the understanding of how the model behaves . As
a brief reminder, we considered a branch to have experienced a diversification rate shift if the
Bayes factor was larger than 10 and the number of diversification rate shifts (N) was larger
than 0.5.
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Figure 4.9: Maximum-likelihood estimates of the shift rate (). Each point represents a phylogeny, simulated
under the models in[Table 411 The true shift rate is chosen such that diversification rate shift events are much
less frequent than branching or extinction events (red line, n = 0.0008). The phylogenies are split by whether or
not a rate shift event happened (panels a and b). We estimated the shift rate both with the true rate categories
(i.e., the three-category models in as well as using the two-step approach (i.e. first estimating ;\, [
under the constant-rate birth-death process and secondly estimating the shift rate using maximum likelihood).
The allowed rate variation ranges from tiny to large, and we simulated trees with a range of 25 to 125 Ma
tree heights. Simulating for a longer time and increasing the rate variation has a similar effect in reducing the
estimation error, since both will result in more species-rich trees.
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Figure 4.10: Two examples of simulated trees under the birth-death-shift model. First where Pesto did not
recover the true shifts (a), and second where the Pesto analyses recovered the two oldest shifts (b). The first
tree is simulated under tiny rate variation, and the second under large rate variation (models A and D in

Table 4.1)), for a period of 100 million years. We used the two-step approach in Pesto (with n> = K = 36
categories) to estimate the rate shifts and the branch-specific diversification rates. The color scales are linked

per row.
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In we show a tree simulated under a model that has tiny diversification rate
variation, and a tree that has large diversification rate variation (models A and D, .
These two trees are representative of the major trends across all 2,000 simulated trees. In
the first tree, there were three diversification rate shifts, and Pesto incorrectly inferred zero
shifts, i.e. no false positives and three false negative shifts. In the second tree, there were
seven diversification rate shifts, and Pesto correctly inferred two major diversification rate
shift events, i.e., no false positives and five false negative shifts. There are several reasons why
Pesto might not be able to recover diversification rate shifts such as the ones in [Fig. 4.10]
As a general rule, we believe that the power to detect diversification rate shifts is high when
the true diversification rate variation is large, and that the power is low when the true diver-
sification rate variation is small. This is corroborated in where we did not recover
any diversification rate shifts in the tree with tiny diversification rate variation (r; = 0.04
vs. r3 = 0.06), while we were able to detect some diversification rate shifts in the tree with
large diversification rate variation (r; = 0.04 vs. r3 = 0.12). For the diversification rate shifts
that were not recovered in the second tree (despite there being a large amount of diversification
rate variation), they i) occurred closer to the present, and some of the diversification rate shifts
ii) led to a decrease in the net-diversification rate. Both of these scenarios make it unlikely
for the descendant lineages to experience more than a few speciation events, and the resulting
subclade is relatively poor in terms of the number of the species. When there are relatively
few species in a particular clade, the information available for detecting a diversification rate
shift is limited. In turn, this reduces the power of the method to detect diversification rate
shifts.

Overall , we found that the accuracy of diversification rate shift detection was
very high (mean = 99.6%), the false positive ratio was tiny (mean = 0.004%), and the false
negative ratio was high (mean = 94.4%). The inference of diversification rate shift events
is more robust when the tree size is larger, and when the diversification rate variation is
higher. We only saw substantial false positive shifts for small trees with fewer than 250 taxa.
For all larger trees, the number of false positives were negligible. This means that Pesto
is conservative by underestimating the number of diversification rate shifts. If Pesto infers
a diversification rate shift, then there is strong evidence that this diversification rate shift
corresponds to a true diversification rate shift because of the extremely low false positive

ratio.

Robustness of branch-specific diversification rate estimates.— Next, we assessed
the robustness of the branch-specific diversification rate estimates. First, we consider again
the same two example trees . For the tree simulated under tiny diversification rate
variation, Pesto did not correctly infer the diversification rate shift, and thus the background
net-diversification was overestimated, and the diversification rate was underestimated in the

clades that shifted to a higher rate. For the second tree, Pesto recovered the two major
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Figure 4.11: Classification of diversification rate shift inferences for 2000 simulated trees, under the two-
step inference procedure, split by tree size (a), rate variation (b) and whether or not the true rate shift
history contained at least one diversification rate shift. For each tree, we interpreted a diversification rate
shift to be present if the Bayes factor was greater than 10 and N was greater than 0.5 per branch. Sorting
each branch into true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN), we
calculated the accuracy ((TP+TN)/(TP+TN+FP+FN)), the false positive ratio (FPR = FP/(FP+TN)) and
the false negative ratio (FNR = FN/(TP+FN)) for each tree. Each bar represents an average, and the error
bar represents the standard error. We only calculated the false negative ratio for trees that had at least
one diversification rate shift, since if TP+FN = 0, then the ratio is not defined. The false positive ratio is
overwhelmingly small (mean = 0.004%), meaning that if we inferred a diversification rate shift on a branch,
it was almost always present in the true tree. The false negative ratio is large, and often close to 1 (mean =
94.4%), meaning that we often inferred too few or no diversification rate shift even when there were shifts in

the simulated tree. Different y-axis limits can be seen in

shifts. Thus, Pesto correctly found a diversification rate difference in the two major clades
that underwent a rate shift. However, the branch-specific diversification rates are slightly
overestimated in the two high-rate clades, and slightly underestimated in the low-rate part of
the tree.

To evaluate the estimation error in the full set of simulated trees, we calculated the propor-
tional error in the branch-specific speciation rates (see Raboskyl, 2014} eq. 15). For small trees
(< 100 taxa), the average proportional error is roughly in the range of 0.5 to 2.0, meaning
that the branch-specific diversification rates were underestimated by half, or overestimated
by twice the true value , bottom row). When the true diversification rate category
parameters (A, p) are used top and middle row), the proportional error converges
to one when the number of taxa increases, indicating that the branch-specific diversifica-
tion rate estimates are unbiased, and the precision of the method increases with larger trees.

When we also estimate the diversification rate categories via the base distribution parameters,
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Figure 4.12: The estimation error in branch-specific speciation rates, as proportional errors, in simulated
trees. Panel a) includes trees where no rate shifts happened, and panel b) includes trees where at least
one rate shift happened. We calculated the proportional errors per branch, and averaged across the tree:
exp( nbr;ches > 1og(Anr) —1og(An true)), Where Ay is the posterior mean speciation rate on branch M .
A value of one means that the branch-specific speciation rates are unbiased, on average across the tree.
Larger than one means overestimation, and less than one means underestimation. See [Figs. 54.7] and [S4.8] for

estimation errors in extinction and net-diversification rates.
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then the proportional error still converges, however with a small bias towards overestimating

branch-specific diversification rates.

4.5 Discussion

In this study we developed a new approach called Pesto for estimating branch-specific diver-
sification rates. The key feature of our approach is the computational speed; we can estimate
branch-specific diversification rates on phylogenies with thousands of taxa without algorithmic
stochasticity in minutes or hours. In this discussion, we will first discuss general aspects about
our ability to infer branch-specific diversification rates and the number of diversification rate
shifts that are not exclusive to Pesto. Then, we briefly contrast Pesto with other existing
methods and indicate the advantages and disadvantages. Finally, we provide some general

recommendation about how to use Pesto for inferring branch-specific diversification rates.

Inferring diversification rate shifts

To explain how one can best interpret the branch-specific results obtained from Pesto, it can
be useful to consider how Hohna et al.| (2019) investigated the posterior distribution by simu-
lating stochastic mappings, similar to how stochastic mappings of discrete character evolution
can be simulated (Huelsenbeck et al., 2003]). Our approach is conceptually the same. Consider
a stochastic variable Z that represents the history of diversification rate shift events on the
phylogeny. The posterior distribution of Z is determined by the model (i.e., the base distri-
bution and its parameters, and the shift rate) and the observations (i.e., the reconstructed
phylogeny). What we have done is to develop a fast algorithm that directly computes sum-
maries of Z, for example the branch-specific posterior mean number of diversification rate
shifts. While this approach is much faster than a stochastic mapping approach, it comes
with the disadvantage that we disregard any information about the variation in Z, in other
words how uncertain the branch-specific estimates are. If one wishes to know the extent of
the uncertainty in the branch-specific estimates, we recommend to use stochastic mapping,
for example as in LSBDS (Hohna et all 2019).

Sensitivity to the shift rate.— [Moore et al.| (2016) argued based on the performance
of BAMM that the posterior distribution of the number of diversification rate shift events is
strongly related to the prior expectation, which in our case is controlled by the diversification
shift rate n. Overall, we agree that there is strong sensitivity to the shift rate parameter, or
in other words that the diversification rate shift events are only weakly identifiable. Despite
this, our exploration of the primates phylogeny revealed that the posterior mean number
of diversification rate shifts is at minimum about one, even if the shift rate is assumed to

be arbitrarily small. Therefore, the hypothesis of there being no diversification rate shifts
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can confidently be excluded, and more generally this indicates that there is some (but weak)
information in a phylogeny to detect branch-specific shifts in the diversification rate (Fig. 4.7c).

Assessing significant diversification rate shifts events.— Visually inspecting the
branch-specific diversification rates can highlight the branches where a diversification rate shift
event has occurred. Therefore, it might seem obvious to say how many branches experienced
a diversification rate shift . However, quantitatively assessing how many rate shifts
occurred (and on which branches) has remained more challenging (Rabosky} 2014; |Shi and
Rabosky, 2015; May and Moore, 2016; Mitchell and Raboskyl 2017; Hohna et al., 2019). In
principle, Bayes factors should be able to detect the branches for which the data and not only
the prior increases the probability of a diversification rate shift. We note that the true prior
distribution on the number of rate shifts is unknown, and we used a simplistic approximation
for the prior. As with any statistical significance test, we recommend to assess both the
hypothesis test (e.g., the Bayes factor) as well as the effect size (e.g., N, or the absolute change
in net-diversification rate across the branch). In other words, if the statistical hypothesis test
is significant, but the effect size is minimal, then we argue that the diversification rate shift is
not biologically meaningful (Nakagawa and Cuthill, [2007). Therefore, we suggest to compute
both the posterior mean number of diversification rate shifts (V) and the Bayes factor for there
being at least one or more rate shift events. If the posterior mean number of diversification rate
shifts on a branch (N ) is substantially larger than 0, say 0.5, and the Bayes factor indicates
strong support (say 10), then we are confident in that a diversification rate shift event actually
occurred on the branch. These criteria are designed to be conservative, such that we get few
false positives, and high accuracy, but not necessarily few false negatives (see also May and
Moore, [2016).

In our simulation study, we observed that Pesto has high power to detect diversification
rate shift events when there were sufficiently many descendant lineages (i.e., due to an in-
crease in the net-diversification rate), and lower power in other cases (i.e., due to a decrease
in net-diversification rate). Since roughly half of the branches in a phylogeny are terminal
lineages with only one descendant, it is not surprising that Pesto and similar methods have

low power to detect all diversification rate shift events. Finally, as expected, we find that

larger diversification rate shifts are easier to detect.

Comparison with other methods

The birth-death-shift model as implemented here and in LSBDS (Hohna et al., 2019) is con-
ceptually similar to other birth-death models that allow for among-lineage rate variation,
including BAMM (Rabosky, [2014), CLaDS2 (Maliet et al., 2019)), MTBD (Barido-Sottani et al.,
2020), MiSSE (Vasconcelos et al.,|2022) or RPANDA (Mazet et al., 2023]), and we provide a com-
parison in For example, CLaDS2 models the diversification rate after a rate shift

event as being correlated with the ancestral diversification rate, while we assume that the new
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Table 4.2: A comparison of methods® for inferring branch-specific diversification rates and diversification
rate shift events.

Pesto LSBDS BAMM CLaDS2 MTBD MiSSE RPANDA

Autocorrelated shifts no no no yes no no no
Base distribution discrete discrete continuous continuous discrete discrete -
Base dist. shape flexible flexible exponential log-normal categorical categorical -
Base dist. parameters mean flexible mean mean & variance - - -
Div. rate decay no no yes no no no yes
Shifts at extinct/

) . ) yes yes no yes no yes no
unsampled lineages
Phylogeny fixed flexible fixed fixed® fixed® fixed fixed
Location of rate shifts branch branch branch node branch branch node
Shift hypothesis test Bayes factor Bayes factor  Bayes factor - - - AICc
Focal estimate® tip & branch branch tip & branch branch branch tip & node branch
Ancestral reconstruction?  dynamic, O(NK) sampling sampling sampling sampling  dynamic, O(N2K?) stepwise AICc

“Methods include Pesto, LSBDS (Hohna et al., [2019)), BAMM (Rabosky, [2014)), CLaDS2 (Maliet et al., |2019),
MTBD (Barido-Sottani et al. [2020), MiSSE (Vasconcelos et all, [2022) and RPANDA (Mazet et al., |2023)). °See
Barido-Sottani and Morlon| (2023) where the phylogeny is allowed to be jointly inferred. °All MCMC based
methods and Pesto can infer, with adequate post-processing of the results, estimates at internal nodes and
tips. N represents the number of nodes in a phylogeny, and K represents the number of rate categories.

diversification rate is drawn independently. Furthermore, BAMM, MTBD, MiSSE and our birth-
death-shift model allow for diversification rates to shift along branches, unlike in CLaDS2 and
RPANDA, where diversification rate shift events happen at branching events. BAMM is perhaps
most similar to Pesto and LSBDS, although BAMM allows for the diversification rates to decay
over time, while we assume the diversification rates to be constant within a diversification rate
category. There are two main reasons for why Pesto is more computationally efficient than
other methods. First, Pesto uses fixed values for the diversification rate categories .
In other implementations, e.g., the LSBDS model in RevBayes, the values of the diversifica-
tion rate categories can be estimated using hierarchical models. Second, unlike LSBDS, BAMM,
CLaDS2 and MTBD, we do not make use of Monte Carlo algorithms for the inference. Instead,
we use a dynamic programming algorithm to compute the marginal probabilities of the di-
versification rate categories across the tree, which only requires two tree traversals. This is in
contrast to MiSSE, which uses the marginal ancestral state reconstruction algorithm of [Yang
et al.| (1995)) to obtain marginal probabilities at the nodes in the tree. The disadvantage of
this marginal ancestral state reconstruction algorithm is that it requires a tree traversal for
every node and every diversification rate category (Caetano et al., 2018, which is considerably

more than the two in Pesto.

Advantages and Disadvantages of Pesto

When designing how the parameters and the branch-specific metrics were to be estimated, our
overall goal was for Pesto to be suitable to be run on exceptionally species-rich phylogenies.
The main advantages of Pesto include i) its fast run time, ii) it is based on a generative
stochastic process (unlike e.g. |Chan and Moore|2005; Alfaro et al.|2009), and iii) quantitative

tests of the hypothesis of whether there was a diversification rate shift event. However, there
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are also some disadvantages with the estimation approaches that we used. Recall that we esti-
mated the parameters of the base distributions (i.e., X and ft) using the lineage-homogeneous,
constant-rate birth-death process. While this gives a rough estimate of the overall scale of the
birth and death rates, we expect that if a phylogeny has undergone diversification rate shifts,
that the estimated rates obtained by fitting this simple model are biased. We suspect that the
reason we see i) upward biased speciation rates and ii) downward biased shift rates, in particu-
lar for very large simulated trees, is partly due to the choice of using the lineage-homogeneous
birth-death model for estimating the parameters of the base distributions. Furthermore, we
investigated the posterior distribution of the rate shift histories conditionally on the param-
eters of the base distributions, and conditionally on the shift rate. We expect that i) joint
estimation of the parameters and ii) joint inference of the parameters and the rate shift history
would be more statistically robust (as in|Hohna et al., 2019), however more research is needed
for this to be computationally feasible for very large trees.

In keeping with most contemporaneous phylogenetic diversification rate studies (e.g. Egan
et al., 2024; |Quintero et al., 2024), we have assumed that the phylogeny is known without
error. Even though Barido-Sottani and Morlon| (2023)) demonstrated that joint inference of
phylogeny and a birth-death-shift model is possible, this type of joint inference is computa-
tionally challenging even for clades with few taxa, and is virtually impossible for species-rich
clades. As a quicker but less robust alternative to the proper joint inference, however, one can
independently apply Pesto to several samples from the posterior distribution of phylogenies,

and interpret the variation in the results as estimation error that is due to uncertainty in the

phylogeny.

General Recommendations on how to use Pesto

Both simple and more detailed instructions on how to use Pesto are provided at https:
//kopperud.github.io/Pesto.jl/dev/. As when fitting any probabilistic model, we
recommend to inspect and consider the parameter estimates and their units. The speciation
rates, extinction rates, and shift rates are in units of “number of events per lineage per time”.
If the phylogenetic tree is a species tree, then the time unit is typically one million years. In
our experience, the shift rate should be much smaller than the mean speciation and extinction
rates, by at least one or two orders of magnitude. It is biologically plausible that there are
more speciation events than diversification rate shift events (note that not all speciation events
are included in a reconstructed tree but all rate shift events would have to be included). If
the estimated shift rate is too large, this might indicate that there was a numerical problem.
For this reason, we put limits on the maximum allowed shift rate when finding the maximum
likelihood value, however this hard boundary is not guaranteed to always avoid the issue.

In general, we recommend to use the log-normal distribution for the base distribution of

diversification rates. Moreover, users of Pesto will have to decide how many rate classes to
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use. In principle, more rate classes are better than fewer classes as the underlying continuous
distribution is better approximated. However, additional rate classes come with computational
demands. For clades that are similar to the primates in terms of time span and species
heterogeneity, we recommend to use at least six or more rate classes, and to use all pairwise
combinations of extinction and speciation rates (i.e., at least K = n? = 36 rate categories). If
a phylogeny is particularly heterogeneous, we recommend to test whether six diversification
rate classes is sufficient, and to use more if necessary. This can for example be tested by fitting
the model with seven or eight classes, and assessing whether the results remain similar or are

substantially different.

4.6 Conclusion

We have shown that we are able to estimate posterior mean branch-specific diversification rates
and number of diversification rate shift events more efficiently than before (one computation
vs. thousands or millions of simulations). The birth-death-shift model can be fitted to small
trees (< 100 taxa) in about one second. Larger trees (> 10,000 taxa) take slightly more
time, on the order of a few minutes on a standard desktop computer. Compared with the
established estimation technique of using Markov-chain Monte Carlo and sampling stochastic
mapping of the diversification rate shift history, which can take hours, days or even weeks for
large trees, our new method and implementation is several orders of magnitude more efficient.
This improvement in run time is not only more convenient, but enables empiricists to broaden
their taxonomic resolution. We expect that through Pesto, investigations of diversification

rate variation across the tree of life will become more practically feasible and accessible.

Reproducibility

The analyses and figures presented here can be reproduced by running the scripts in the
accompanying github repository (https://github.com/kopperud/pesto_ms_analyses).
The simulated trees and results are not committed to the repository due to file size restrictions,
however they can be downloaded from datadryad DOI: 10.5061 /dryad.mgqnk995b


https://github.com/kopperud/pesto_ms_analyses
DOI: 10.5061/dryad.mgqnk995b 
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Chapter 5

The nature and prevalence of
diversification rate shifts across the
Tree of Life

Pesto is a sauce made from basil leaves,
toasted pine nuts, garlic, Parmesan,
olive oil and salt. A bowl of pasta and
pesto makes for a quick and tasty meal.
Perhaps now they will begin selling
bifurcating spaghetti in convenience

stores.
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5.1 Abstract

Strong disparity of species richness in major clades is well documented, but how the underly-
ing process that generated biodiversity varies is less understood. We investigate clade-specific
diversification rate shifts in many species-rich phylogenies spanning the Tree of Life. Diversifi-
cation rate shifts are ubiquitous across the studied phylogenies, indicating that the process of
diversification is highly variable. Our results show more frequent changes in younger clades and
an overall excess of upshifts (rapid radiations), resulting in an acceleration of net-diversification
rates. Heterogeneity in diversification appears also to be related to the overall tempo of di-
versification itself. The nature of diversification rate shifts (i.e., upshifts vs downshifts and
speciation rate vs extinction rate shifts) remains inconclusive due to data insufficiency and

inference challenges.
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The disparity in species richness across major groups of life is one of the most studied
aspects of biodiversity research. Some organisms, including the tuatara reptile, coelacanth
fishes or the ginkgo tree, often nicknamed ‘living fossils’, represent species-poor groups with
only one or a few living taxa despite the old age of their corresponding lineages. Other groups
such as beetles, bats, cichlids and orchids, are represented by thousands of living species and
are much more species-rich than their sister clades or other clades of comparable age. How
these stark differences in species richness arise and if these examples represent exceptions from
the general diversification process remains a significant topic of debate in evolutionary biology
(Sanderson and Donoghue, 1994; |Jetz et al., [2012; Hedges et al., 2015]).

To statistically evaluate differences in species richness, one can obtain diversification rates
(i.e., speciation and extinction rates) for different study groups (Sanderson and Donoghue,
1994, 1996). When considering the whole Tree of Life, and thus the general process of histori-
cal biodiversity, then subclades with differential rates of diversification must have experienced
shifts in the rate of diversification, either through many small rate shifts (Davies et al., [2004;
Budd and Mann, 2025) or few but large rate shift events (Alfaro et al., 2009; Jetz et al.l [2012;
Rabosky et al., 2018]). Considerable effort has been devoted over the last decades into devel-
oping robust and efficient approaches, including the likelihood-based birth-death-shift process,
to model lineage-specific diversification rates with diversification rate shifts (e.g.,|Alfaro et al.,
2009; [Rabosky, [2014} Barido-Sottani et all 2020; [Maliet and Morlon|, 2022; |Quintero et al.|
2024). Speciation events (births) are represented by bifurcations in the phylogeny, increasing
the diversity, whereas extinction events (deaths) reduce the diversity of the group, and diver-
sification rate shift events lead to different rates of speciation and extinction of the subtending
lineage (Morlon et al.| 2024)). For example, a shift towards increased speciation rate may lead
to the generation of a successful, species-rich clade whereas a shift towards a lower speciation

rate (and at the same time low extinction rate), may lead to the situation of a ‘living fossil’.

While several studies have investigated diversification rate variation across the Tree of
Life (Jetz et al., 2012; Rabosky et al., 2018} Martinez-Gomez et al., 2024), these studies
were limited in two ways. First, due to computational constraints of the birth-death-shift
model (and variants thereof, Raboskyl, [2014; Barido-Sottani et al., 2020; Vasconcelos et al.,
2022; Maliet and Morlon), [2022; (Quintero et al., 2024)), large phylogenetic trees could not
be investigated in a reasonable time. Second, previous studies have been concerned with
investigating specific study groups, and less so with the overall pattern of diversification rate

heterogeneity.

A central hypothesis is whether the number of rate shifts varies across the Tree of Life.
That is, we are interested in whether some groups experienced more diversification rate shifts
than other groups, and if these differences can be explained by stochastic variation. We
expect the number of rate shifts to be related to the time span of the phylogeny, since over

a longer time span there have been more opportunities to accumulate rate shifts. When the
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number of shifts are counted per time unit and per lineage, we can compare phylogenies of
different size and timescale. Overall, there may be several factors that are correlated with
variable rates of diversification rate shifts and we will focus primarily on age dependency and
net diversification rates. An age-dependency of diversification rate shifts could indicate some
fundamental property of older vs. younger clades or indicate some overall temporal variation in
when diversification rate shifts are more prominent. Net-diversification rates are an indicator
of volatility and turnover in clades which could be correlated with the amount of diversification
rate shifts.

We also investigate whether diversification rate shifts led to an upward or downward change
in net diversification. Prior empirical evidence suggests that diversification rates in a clade
have a tendency to dwindle (Scantlebury, 2013; Moen and Morlon, 2014), although these
patterns were found across time and not necessarily among clades. Alternatively, it is possible
that older clades could have experienced a rapid radiation due to an upwards diversification
rate shift event, followed by a gradual decline in diversification rate (Lovette and Bermingham),
1999; Kozak et al. 2006; Rabosky and Lovette, 2008b)). Importantly, most studies have focused
on rapid radiations with an increase in diversification rates. Our study will elucidate whether
rapid radiations (i.e., upward shifts) are truly a more common pattern, or whether looking
broadly over many large-scale phylogenies shows a more balanced pattern of upward and
downward diversification rate shifts.

We test our hypotheses by estimating lineage-specific diversification rates and shifts of
diversification rates along lineages. The recently developed Pesto framework (Kopperud and
Hohnay, 2025) enabled us to fit the birth-death-shift model to numerous and large phylogenies
obtained from previous publications. Overall, we observe that diversification rate shifts are
present in all studied empirical phylogenies. However, some phylogenies experienced far more
diversification rate shifts than others. In particular, younger clades appear to exhibit more
frequent rate shifts than older clades. Assessing the nature of diversification rate shifts is
complicated by intrinsic limitations in detecting such events. Specifically, we can readily
detect upshifts in net diversification, but we are less able to detect downshifts, which could
explain why we “see” more rapid radiations. Finally, we discuss the prospect of assessing

whether a rate shift event is primarily due to a change in extinction rate or speciation rate.

5.2 [Estimating branch rates and rate shift events across the
Tree of Life

We compiled a set of 24 published empirical phylogenies. Overall, we targeted species-rich
phylogenies that were reconstructed using probabilistic methods, and we selected groups such
that there were no taxonomic overlaps (see|Table S5.1|in the Supplementary Materials). These

phylogenies span across many multicellular forms of life, including marine vertebrates, terres-
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Figure 5.1: Branch-specific net-diversification rate estimates for phylogenies of mammals (Mam-
malia, [Alvarez-Carretero et al., [2022) and frogs (Anura, [Portik et al., [2023). Branches are colored according
to their mean net-diversification rates, expressed in number of events per million year per lineage (see.
Orange dots mark nodes whose parent branches showed strong support for a rate shift event (Bayes factor
> 10, see . Some notable clades including at least one strongly supported rate shift event are labeled
on the phylogenies. Silhouettes were obtained from www.phylopic.org.

trial animals, flowering plants, ferns, mushroom-forming fungi and lichen-forming fungi. In
total, our dataset includes 9 phylogenies of animals, 13 for plants and 2 for fungi. Thus,
many of the major groups in the Tree of Life are represented, covering a total diversity of
over 300,000 species. The time spans for each phylogeny range from older groups originating
at 420 Ma to radiations as recent as 12 Ma, whereas the number of taxa represented ranges
from about 250 to 20,000. Overall, this representation of major groups covers the process
generating historical and present-day multicellular biodiversity, thus allowing us to learn how

variable the process of diversification is.

We assessed heterogeneity in the process of diversification by estimating branch-specific
diversification rates and assessing shifts in diversification rates along lineages (Fig. 5.1)). To

estimate branch-specific diversification rates and shifts in diversification rates, we used a

recently developed method called Pesto (Kopperud and Hohnal 2025)). Pesto implements the
stochastic birth-death-shift model (Hohna et al|2019| see also |[Rabosky| 2014} Barido-Sottani
2020)), however, it uses a novel and more efficient algorithm to infer branch-specific

diversification rates. A more efficient inference algorithm is advantageous in two ways. First,

it allows us to rapidly estimate branch-specific diversification rates and diversification rate shift
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events for numerous large phylogenies. Second, it makes it feasible to carry out simulation
studies with thousands of replicates, helping us learn about the robustness and potential biases

of the analyses.

When estimating the number of diversification rate shifts, we found that all phylogenies
had significant support for lineage-specific diversification rate variation . Specifically,
we used approximate Bayes factors to determine whether there was significant support for
a rate shift event on a branch (Shi and Rabosky, 2015, Kopperud and Hohnay, 2025). Our
estimates show that lineages experienced a shift in diversification rate ranging from as frequent
as every 50, to as rare as every 10,000 million years ), corresponding to one shift for
every 13 to 285 tips (Fig. S5.2c). These results indicate that the process of diversification is

heterogeneous across the Tree of Life, i.e., varying diversification rates among lineages are the

norm rather than the exception.
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Figure 5.2: Number of strongly supported rate shift events in selected empirical phylogenies.
The number of significant diversification rate shift events (N*) is broken down by the branch-specific change
in net-diversification rate (Ar, [Eq. S5.3). The represented phylogenies are ray-finned fishes (Rabosky et al.
2018)), cartilaginous fishes (Stein et al., [2018)), frogs (Portik et al., 2023), mammals (Alvarez-Carretero et al.
2022), lizards and snakes (Zheng and Wiens| |2016), birds (tree from |Quintero et al.[|2022, original analysis by
Jetz et al|[2012), rosids (Sun et al., [2020), daisies (Palazzesi et al., [2022), grasses (Spriggs et al., [2014), ferns
(Nitta et al.| [2022)), agaricomycetes (Sanchez-Garcia et al., [2020) and a large group of lichen-forming fungi
(lecanoromycetes, Nelsen et al., [2020). The x-axes are linked for each column. Note that the flowering plants
exhibit larger shift sizes than any other groups. See for all phylogenies. Silhouettes were obtained
from www.phylopic.org.
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5.3 Upshifts vs. downshifts in net diversification

When examining individual phylogenies, we discovered a strong imbalance in terms of whether
branch-specific rate shift events resulted in an upward or downward change in net-diversification
rate. For instance, we inferred 70 strongly supported rate shift events in mammals (Fig. 5.1]

left). Of these, 66 were upshifts and only 4 were downshifts. Similarly, we inferred 22 strongly
supported rate shifts in frogs, and only one was a downshift right). Thus, the number
of shifts increasing in net-diversification rate vs. decreasing in net-diversification rate appears

to be completely imbalanced in favor of increasing net-diversification rates.

Overall, we recovered many upshifts and few downshifts across all of the empirical phylo-
genies we studied contrary to Moen and Morlon, 2014; Harmon et al.| [2021)). Taken
at face value, a general tendency of ever-increasing diversification rates would lead to an ever
more rapidly growing biodiversity (see also Morlon et al., 2012; Rabosky and Benson) 2021)).
From a paleobiological perspective, however, we believe that downshifts can and do occur.
After all, the fossil record tells us that entire clades have gone completely or nearly extinct
(e.g., Benoit et al., 2024)).

To assess whether the absence of inferred downshifts is due to a methodological bias, we
performed several simulation and inference experiments that are presented in the Supplemen-

tary Materials. Specifically, we simulated several phylogenies that had only one rate shift

event, and the rate shift event was either an upward or a downward shift (Figs. S5.4]to [S5.7)).

The inferences on the simulated phylogenies revealed that we are able to correctly detect
upshifts, as well as to recover constant diversification. However, when there were downshift
events in the true phylogenetic history, we were almost never able to infer the events. This
coincides with the statistical level of support for upshifts and downshifts in the empirical
analyses. In contrast to upshifts, downshifts were in general recovered with moderately strong
support (Bayes factor slightly higher than 10), and almost never with decisive support (Bayes
factor higher than 100). While our model allows for diversification rates to decrease, we see
that inferred rate shift decreases are usually tiny, and spread out over time and different
branches. Coupled with our conservative criterion for assessing whether there was a rate shift
event on a branch, this results in a methodological bias where downshifts are almost never
detected (Figs. S5.7] and [S5.8). This lack of power is not surprising. Our data includes speci-

ation events, thus giving power to infer upshifts in net diversification. On the other hand, a

downwards shift in net diversification (either due to lower speciation or increased extinction)
is fundamentally difficult to infer from reconstructed phylogenies of only extant taxa, as the
signal in the data would be a lack of speciation events or increased extinction on a single

lineage.
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Figure 5.3: Diversification rate shift events vs. clade age in empirical phylogenies. Panels a,c
show the number of branches (N*) that showed strong support (Bayes factor > 10) for there being a rate shift
event. Panels b,d show the number of diversification rate shifts according to the shift rate parameter (n). The
clade age is the time from the present until the most-recent common ancestor of the group. The dashed lines
are ordinary least-squares regressions on the log-transformed variables, and the shaded areas represent two
standard error deviations from the line.

5.4 Variation in diversification shift rate across the Tree of Life

Age scaling effect

Next, we explored whether some phylogenies showed more frequent diversification rate shifts
than other phylogenies. A priori, we expect species-rich or older phylogenies to have undergone
more diversification rate shifts, because they have had more time to accumulate diversifica-
tion rate shifts than younger phylogenies. We confirm this expectation of older phylogenies
having undergone more diversification rate shifts than younger phylogenies ,b). How-
ever, our results show a negative age scaling effect in the tempo of diversification rate shifts.
Specifically, the number of significant diversification rate shifts per time unit ,d) is
negatively correlated with the age of the phylogeny.

At face value, younger groups (i.e., originated at 10 Ma) shift their diversification rates
about 100 times more often than older groups (i.e., originated at 400 Ma). Similar age scaling
effects have also been demonstrated with other types of evolutionary rates, notably molecular
substitution rates (Ho et al |2007)), rates of morphological evolution (Estes and Arnold} |2007;
Hansen|, |2024)) and diversification rates (Henao Diaz et al 2019, Harmon et al., 2021). There

are several possible methodological explanations for why the age scaling effect could occur.
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For example, a negative power scaling can arise due to the use of ratios with a common term
(Gingerichl 1983; |Sheets and Mitchell, [2001), and the effect becomes more pronounced when
the range of time intervals being considered is large (De Lisle and Svensson, [2023)).

In order to evaluate whether the age scaling pattern is a real pattern, as opposed to
being indicative of a methodological artefact, we performed several auxiliary analyses that
are presented in the Supplementary Materials. They show that within-phylogeny estimates
of diversification rate shifts are higher towards the present , shift rates in very
young phylogenies are overestimated ), and sub-sampled clades from a larger
phylogeny also exhibit a negative age scaling effect . These analyses indicate that
the observed empirical age scaling in diversification rate shifts ) can partially be
a consequence of the inference procedure employed for this study. However, when looking
only at strongly supported shift events, our simulation study shows that the rate (N*/t) is
consistently underestimated in very young phylogenies ), while it is approximately
unbiased for older phylogenies. This result goes in the opposite direction of the empirical age
scaling pattern in the rate of strongly supported shift events (Fig. 5.3¢). Thus, our observed
age-scaling effect indicates a true biological phenomenon which cannot be explained alone by

methodological causes.

Variability and tempo in diversification

We additionally observed that the number of diversification rate shifts per time unit is posi-
tively correlated to net-diversification rate ,d). In general, plant phylogenies diversify
at a higher pace, and experience diversification rate shifts more often, compared to animals
and fungi (Fig. 5.4¢). This indicates that the variability and tempo of diversification are in-
herently linked. We conjecture that high diversification rates are associated with high rates of
phenotypic evolution (e.g., Rabosky et al., 2013; [Folk et al.l 2019; Crouch and Tobias, [2022;
Cerezer et al., |2023). If phenotypic traits that can induce diversification rate shifts (e.g.,
body size, ecological niche breadth, life history traits) also evolve more rapidly due to faster
diversification, then high diversification rates will lead to more frequent rate shifts. Likewise,
if low diversification rates are associated with low rates of phenotypic evolution, then a slowly
diversifying clade would have fewer opportunities to evolve phenotypic traits that can shift its

diversification rate.

5.5 Shifts in speciation vs. extinction rate

A related question is whether a diversification rate shift event is due to a change in the
speciation rate, the extinction rate, or both. In principle, our analyses allow for all three
possibilities. In Pesto, it is possible to inspect the posterior mean number of rate shifts,

and classify them into the three types of rate shifts (see the Supplementary Materials for
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Figure 5.4: Diversification rate shift events vs. net diversification in empirical phylogenies. Panels
a,c show the number of branches (N*) that showed strong support (Bayes factor > 10) for there being a rate
shift event. Panels b,d show the number of diversification rate shifts according to the shift rate parameter
(7). The net-diversification rate is the average branch-specific rate, weighted by branch length. The dashed
lines are ordinary least-squares regressions on the log-transformed variables, and the shaded areas represent
two standard error deviations from the line.

more details). Our exploration of the inferred type of diversification rate shift revealed two
intriguing aspects. First, the number of estimated joint shifts corresponds rather well to
the number expected from the prior , which in turn is determined by the number
of diversification rate categories. This is unfortunate, as the discretization procedure was
intended to approximate the birth-death-shift process with continuous rate variation. In
principle, as the number of rate categories approaches infinity, the discretized model should
converge to the fully continuous model. However, as the number of rate categories increase,
the number of joint speciation-+extinction shifts converges to the total, while extinction and
speciation shifts separately converge to zero. Second, we examined the shifts that resulted in a
change in the extinction rate. Even though the prior expectation of speciation and extinction
rate shifts is equal, we see in the empirical data that speciation rate shifts are inferred more
often than expected, and extinction rate shifts are inferred less often than expected .
This is in agreement with previous reports of extinction rates being harder or not possible
to infer (Nee et all [1994a; Liow et al. 2010; [Rabosky, 2010; Beaulieu and O’Meara, 2015).
The challenge we see is also similar to (Barido-Sottani and Morlon, [2025)), who found it was
difficult to separate whether a rate shift event was due to a change in speciation, extinction

or fossilization rates, or whether there was a combination of shifts.
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5.6 Caveats in diversification rate estimates

Our estimates of lineage-specific diversification rates and shifts in diversification rates rely on
the birth-death-shift process (Hohna et al., |2019; Barido-Sottani et al., 2020)) and specifically
its implementation in Pesto (Kopperud and Hohnal 2025)). As with any statistical analysis,
the assumptions of the underlying model — and any violations of those assumptions — are key
to assessing the robustness of parameter estimates. First, our model uses the conventional
assumption for taxon sampling, in that every species in the phylogeny has been sampled
with equal probability (also called uniform taxon sampling, Hohna et al., [2011; Hohnay, 2014).
When selecting phylogenies, we aimed for those that had high taxon sampling, while at the
same time trying to avoid artificially grafted trees. The mean taxon-sampling fraction was
about 45% across the phylogenies, and the lowest was about 11%. Thus, we believe that
most of the phylogenetic analyses are robust with respect to taxon sampling. Second, we
assume that speciation and extinction rates are allowed to vary by about one order of mag-
nitude within a phylogeny. While this may be a reasonable assumption on short timescales,
it is arguably less reasonable for phylogenies on longer timescales (hundreds of millions of
years). Third, our model assumes that diversification rates are constant over time within a
category. If in reality an upward diversification shift is followed by a concerted slowdown of
all lineages within this clade, then our estimates could be biased. Assuming that diversifica-
tion rates decay within a rate category is possible (Rabosky et al.l 2014b)), yet inferring other
types of time-varying patterns is considerably more challenging, and allowing for any type
of time-varying function may result in the model not being identifiable (Louca and Pennell,
2020b)). Fourth, our branch-specific inferences rely on fixed parameter estimates, i.e., the rate
of diversification rate shifts 7, the mean speciation rate A and the mean extinction rate fb.
We inferred these parameters using maximum likelihood before estimating diversification rate
shifts and lineage-specific diversification rates. Thus, if the shift rate 7 is overestimated, this
can lead to an overestimated number of strongly supported diversification rate shifts. For
example, broomrapes (Orobanchaceae |Mortimer et al., [2022)), daisies (Asteraceae, Palazzesi
et al., 2022)) and rosids (Rosidae, Sun et al., 2020) had the most extreme estimates with about
0.01 number of strongly supported rate shift events per million years (Fig. 5.3c). However,
since all phylogenies were treated equally, we believe that no systematic bias was introduced.
Finally, our analyses relied on published phylogenies, which we treated as if they were known
without error. Although this is the common approach in large-scale diversification rate infer-
ences (e.g., |Quintero et al., 2024), the quality of larger phylogenies might be worse as more
ad-hoc procedures are required to place taxa and infer divergence times, e.g., placing taxa

based on taxonomy without molecular or morphological data (Smith and O’Mearal, 2012).
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5.7 Conclusions

Biodiversity has changed over time and across lineages. Our results show that the net-
diversification rate varies among lineages for every single analyzed phylogeny. We examined
how diversification rates vary across many large-scale phylogenies, spanning major groups of
multicellular organisms. Younger phylogenies appear to have experienced diversification rate
shifts more often than older phylogenies, similar to how rates of molecular and phenotypic
evolution scale with time interval. Furthermore, we found more diversification rate shifts in
clades with generally higher diversification rates, indicating general patterns of lability (higher
number of diversification rate shifts together with higher number of speciation events) and
conservatism (stable or low numbers of diversification rate shifts together with fewer specia-
tion events). Overall, we inferred many rate shift events where net diversification increased,
indicating that rapid radiations are common in contrast to ‘living fossil’ lineages. Understand-
ing whether net-diversification rates tend to shift upwards or downwards is complicated by
the fact that downward shifts are extremely difficult to detect. Finally, our results provide
the foundations for future studies on the nature and prevalence of diversification rate shifts in

exceptionally species-rich clades.



Chapter 6

Commonly used Bayesian
diversification methods lead to
biologically meaningful differences in
branch-specific rates on empirical

phylogenies

Bonsai is the Japanese art of growing a
miniature tree. By trimming, pruning
and grafting, the artist introduces shifts

in the branching pattern.
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6.1 Abstract

Identifying along which lineages shifts in diversification rates occur is a central goal of compar-
ative phylogenetics; these shifts may coincide with key evolutionary events such as the devel-
opment of novel morphological characters, the acquisition of adaptive traits, polyploidization
or other structural genomic changes, or dispersal to a new habitat and subsequent increase in
environmental niche space. However, while multiple methods now exist to estimate diversifica-
tion rates and identify shifts using phylogenetic topologies, the appropriate use and accuracy
of these methods is hotly debated. Here we test whether five Bayesian methods—Bayesian
Analysis of Macroevolutionary Mixtures (BAMM), two implementations of the Lineage-Specific
Birth-Death-Shift model (RevBayes and Pesto), the approximate Multi-Type Birth-Death
model (MTBD; implemented in BEAST2), and the cladogenetic diversification rate shift model
(CLaDS2)—produce comparable results. We apply each of these methods to a set of 65 em-
pirical time-calibrated phylogenies and compare inferences of speciation rate, extinction rate,
and net diversification rate. We find that the five methods often infer different speciation,
extinction, and net-diversification rates. Consequently, these different estimates may lead to
different interpretations of the macroevolutionary dynamics. The different estimates can be
attributed to fundamental differences among the compared models. Therefore, the inference
of shifts in diversification rates is strongly method-dependent. We advise biologists to apply
multiple methods to test the robustness of the conclusions or to carefully select the method

based on the validity of the underlying model assumptions to their particular empirical system.

6.2 Lay summary

Understanding why some groups of organisms have more species than others is key to un-
derstanding the origin of biodiversity. Theory and empirical evidence suggest that multiple
distinct historical events—such as the evolution of particular morphological features (e.g.,
the flower, the tetrapod limb) and competition amongst species—can produce this pattern
of divergent species richness. Identifying when and where on the tree of life shifts in diver-
sification rates occur is important for explaining the origin of modern-day biodiversity and
understanding how disparity among species evolves. Several statistical methods have been
developed to infer diversification rates and identify these shifts. While these methods each
attempt to make inferences about changes in the tempo of diversification, they differ in their
underlying statistical models and assumptions. Here we test if these methods draw similar
conclusions using a dataset of 65 time-calibrated phylogenies from across multicellular life.
We find that inferences of where rate shifts occur strongly depends on the chosen method.
Therefore, biologists should choose the model whose assumptions they believe to be the most
valid and justify their model choice a priori, or consider using several independent methods

to test an evolutionary hypothesis.
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6.3 Introduction

Understanding the patterns and processes that shape the tree of life is one of the central
pursuits of biology. However, inferring the tempo of evolution among lineages—the patterns
of speciation and extinction that gave rise to our extant biodiversity—remains a difficult
problem both theoretically and computationally (Rabosky, [2010; [Moore et al., 2016; Loucal
land Pennell, 2020Db)).

Several methods estimate diversification rates (speciation and extinction rates, individu-
ally) assuming that rates are constant across the tree (Morlon, . Recently developed

methods have built upon constant-rate models by allowing diversification parameters to vary

depending on the state of a focal character (Maddison et al. 2007) or, even more recently,

among branches of the phylogeny, which allows for lineage-specific diversification rate estimates
(e.g.,[Raboskyl 2014; Hohna et al., [2019; |Barido-Sottani et al.| [2020; [Maliet and Morlon, 2022]).

Such lineage-specific methods have the potential to offer powerful insights into our under-

standing of evolution, such as the potential time-dependency of macroevolutionary diversi-

fication (Henao Diaz et al., [2019)), the macroecological and macroevolutionary causes of the
latitudinal diversity gradient (Givnish et al.,|2018}; Rabosky et al. 2018), and macroevolution-
ary support of Darwinian and Simpsonian theories of microevolution within adaptive zones
(Cooney et all, 2017).

The application of diversification-rate estimation methods, however, has been marred by

controversy over their implementation (Moore et al., [2016; [Rabosky et al. 2017; [Meyer and|
‘Wiens, 2018; Meyer et al., 2018; Rabosky, 2018) and by theoretical findings that seemingly
undermine the general reliability of inferring diversification parameters from phylogenies of
extant species (Louca and Pennell, [2020b} [Helmstetter et al. 2022; Kopperud et al., |2023).

These issues are liable to discourage empiricists, who may wonder if the disagreements among

model developers and theorists correspond with biologically relevant inference differences in
empirical studies.

To address this question, we assess how inferences under five leading contemporary Bayesian
methods—Bayesian Analysis of Macroevolutionary Mixtures (BAMM,; , ; the Lineage-
Specific Birth-Death-Shift model (RevBayes; Hohna et al., 2019)) and its MCMC-free imple-
mentation: Phylogenetic Estimation of Shifts in the Tempo of Origination (Pesto;
and Hohnaj 2025); the approximate Multi-Type Birth-Death model (MTBD;
2020)); and the Cladogenetic Diversification Rate Shift model (CLaDS2;
2019)—compare to each other.

While all five methods aim to estimate lineage-specific diversification rates, they differ in

how and where rate shifts are allowed to occur.

1. BAMM models diversification rates as varying across lineages by testing among models

that include different numbers of diversification-rate regimes (sets of speciation and
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extinction parameters) and different placements of those regimes in the tree; however
BAMM does not model rate shifts on extinct (thus unobserved) branches (Raboskyl, 2014]).

2. The RevBayes model, as implemented in RevBayes (Hohna et al., [2016a), samples rate
regimes from a prior distribution discretized into a fixed number of rate categories; this
discretization facilitates computation and allows the method to model shifts on extinct
branches (Hohna et al., 2019).

3. Pesto is a new implementation of the RevBayes model that analytically computes the
posterior mean speciation and extinction rates conditional on a set of hyperparameters

without the need for Monte Carlo sampling (Kopperud and Hohna, [2025)).

4. The MTBD method is based on a multitype birth-death process that infers the number of
rate regimes as well as the transition rate v between rate regimes (Barido-Sottani et al.),
2020). This approach allows for the same rate regime to be present in different parts
of the tree. The approximate MTBD, tested here, assumes that no rate changes occur in
the extinct parts of the tree; this approximation, when applied with a high transition
rate prior, has been found to not substantially differ from the exact MTBD method, which

allows rates changes along extinct lineages (Barido-Sottani et al., [2020)).

5. Finally, in the CLaDS2 model, diversification rates only change at speciation events.
Descendant lineages inherit the speciation rate via a stochastic process that is influenced
by the o parameter, which represents the long-term trend (i.e., increase or decreases) of
the speciation rate (Maliet et al. 2019)). This model results in many small and frequent
shifts in diversification rates regimes, unlike the other methods, which tend to infer a
few large shifts in rate regimes (Maliet et al 2019; Maliet and Morlon|, 2022). Another
aspect of CLaDS2 is that extinction rates are not inferred per branch. Instead, the model
estimates a global turnover parameter (¢ = u;/\;). However, shifts are allowed to occur

along extinct branches.

Other methods, not tested here, leverage hidden states using a maximum likelihood framework

(e.g., Vasconcelos et al., 2022)).

To assess whether the theoretical and computational differences among these methods
result in biologically meaningful differences, we reanalyze 65 empirical datasets, compiled from
Henao Diaz et al. (2019), using each of BAMM, RevBayes, Pesto, MTBD, and CLaDS2. We address
the question: do different analytical methods for estimating branch-specific diversification

rates produce significantly different results across an array of empirical datasets?
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6.4 Methods

6.4.1 Empirical Data

Our empirical data are derived from the set of 104 chronograms compiled and analyzed with
BAMM by Henao Diaz et al.| (2019). From the Henao Diaz et al.| set we excluded trees with
fewer than 30 extant taxa in order to concentrate on more informative datasets, resulting in

our final set of 76 chronograms.

6.4.2 Model Settings

Our goal was to apply each method as a typical diligent user might. For each chronogram, we
used the incomplete-sampling fraction collected from the original study by [Henao Diaz et al.
(2019), and applied that sampling fraction when we ran each of the five inference methods.
While the methods differ in their specific parameterizations of the birth-death process, we
attempted to use comparable settings and priors across methods.

For BAMM analyses, we modified the control files from |[Henao Diaz et al. (2019). We set
lambda to be time-constant rather than time-variable in order to more closely match the
inferences of other methods. We set BAMM priors for each phylogeny using the setBAMMpriors ()
function in the BAMMtools R package (Rabosky et al. 2014b). This function computes dataset-
specific priors by estimating metrics from the dataset such as the root age of the chronogram
and then estimating reasonable and broad expectations for shifts and rates. We ran BAMM v2.5.0
using the BAMMetools priors and control files, which determined the phylogeny-specific number
of generations for a single MCMC chain. We removed the first 10% of the MCMC samples as
burnin and assessed convergence by computing estimates of effective sample size (ESS) using
the R package Coda (Plummer et all 2006]). We specifically looked for convergence of the
log-likelihood parameter and the 'number of distinct regimes’ parameter, as is recommended
(Rabosky et al., 2014a). Analyses that did not reach convergence were run for additional
generations until they converged.

For RevBayes analyses we used the same set of priors for all phylogenies (except for sam-
pling fraction) with eight categories for speciation and for extinction (64 total rate categories).
The number of rate categories was chosen after performing a test on one representative phy-
logeny, which found that increasing the rate categories above 64 did not result in a significant
change in model fit. For each chronogram we ran four MCMC chains for 5,000 generations.
Convergence was assessed for each chain by checking that the ESS values for all model pa-
rameters in the log files were greater than 200 using the R package Coda (Plummer et al.,
2006). Chains that did not reach convergence were restarted and run for an additional 5000
generations. We merged the posteriors, retaining the last 4000 generations from the MCMC

(10% burnin for non-restarts and 60% burnin for restarts).
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We applied Pesto in a three-step fashion. First, we estimated the parameters of a constant-
rate birth-death process and treated these as hyperparameters: the speciation rate (A) and the
extinction rate (u). Second, we set up a state-dependent speciation-extinction (SSE) model. In
this model, we used rate values that correspond to ten quantiles of two lognormal distributions
with medians A and p, and standard deviation 0.587. In the SSE model, we used all pairwise
combinations of these (i.e. 100 rate categories). Further, we fixed the shift rate parameter
(n) such that we would expect 10 rate shifts across the phylogenies (i.e. n = 10/tree-length).
Third, we calculated the posterior state probabilities along each branch. Finally, we plotted
the posterior mean rates averaged over the time span for each individual branch.

We ran the MTBD model under default priors (implemented in BEAST2; Bouckaert et al.,
2014} Barido-Sottani et al. |2020). We ran three MCMC chains for 100,000,000 generations
per phylogeny. We removed the first 25% as burnin and assessed MCMC convergence by
checking that ESS values were higher than 200 for all rates.

We ran CLaDS2 using the default priors (as described in Maliet and Morlon, 2022). We
ran three MCMC chains for each dataset and took a 25% burnin, as is the default setting for
CLaDS2. We assessed convergence by calculating the Gelman statistic (Gelman et al., 2013)
every 1000*" generation and stopping the analysis once it achieved a Gelman statistic of 1.05,
following the standard guidelines for CLaDS2. While we set up our BAMM analyses to be time
constant, CLaDS2 does not allow users to fix the inherited speciation-rate parameter («). Thus
our analyses estimate « and infer trends of increasing or decreasing speciation rate through
time.

All methods are conditioned on “survival:” the occurrence of the most recent common
ancestor and survival of the two descendent lineages (Nee et al., [1994b). However, there
are method-specific differences in the details how methods condition for different rate-shift

scenarios that could potentially contribute to different rate estimates across methods.

Convergence analysis

In cases where MCMC convergence was difficult, we aimed to determine the potential un-
derlying cause. To assess whether the subset of trees where one or more method failed to
converge was substantially different from the subset that did converge, we compared descrip-
tive metrics including phylogeny size, phylogeny age, incomplete sampling fraction, branch
length variance, and multidimensional scaling (MDS) via Robinson-Foulds (RF |[Robinson and
Foulds| 1981) and Kuhner-Felsenstein (KF, Kuhner and Felsenstein, [1994)) distances.

Processing Model Output

We obtained estimates of the relevant diversification parameters (e.g., speciation rate, extinc-

tion rate, etc.) from each model. BAMM posterior estimates of speciation rate and extinction
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rate were extracted using the getMarginalBranchRateMatrix() function in the BAMMtools R
package (Rabosky et al., [2014b)).

We extracted LSBDS posterior distributions from the stochastic branch rate log file pro-
duced by the mnStochasticBranchRate() function in RevBayes. In the Pesto analyses, we
computed the branch rates averaged across the branch. If Ay and uj are the rate values in
state k, and Pg(t) is the posterior probability of being in state k at time ¢, then the average

net-diversification rate along a branch is

t1
& i i /to [;O\k — i) Pr(t)] dt, (1)
where t( is the youngest and ¢ is the oldest end point of the branch.

The posterior distributions of speciation and extinction rates of the MTBD model were
obtained from the extended Newick file produced by BEAST2 using a modified read.beast()
function from the treeio package (Wang et all 2020). As CLaDS2 does not directly infer
extinction rates, we calculated extinction rates per branch by multiplying the inferred global
turnover value (€) by the branch-specific speciation rates (u; = A; * €). For all branches and
models, we calculated net diversification by subtracting extinction rate from speciation rate
(Ni — pi) per MCMC generation.

6.4.3 Comparing Model Inferences

To compare inferences among the five models, we (1) visualized rate estimates on individual
chronograms, (2) summarized inferences across all chronograms in the dataset to reveal sys-
tematic differences, (3) identified differences in the location and magnitude of inferred shifts

among methods, and 4) tested for overlap in the 95% HPD interval of the posterior distribu-

tions (described in [Appendix S6.4)).

Visualizing rates on trees

The canonical way of presenting the results of branch-specific diversification-rate analyses is
by coloring the branches of the tree by the estimated rates. For each tree, we colored each
branch by the posterior median estimate of speciation, extinction, and net diversification to

visualize if the methods inferred similar shifts in similar locations on the tree.

Comparing rate estimates by method

To understand whether the methods displayed any consistent differences across the chrono-
grams, we calculated six summary statistics for each tree. For each diversification rate (i.e.,
speciation rate, extinction rate, and net diversification rate) we calculated the posterior medi-

ans for each branch, and from those posterior medians we calculated the tree-wide mean and



6.4 Methods 111

variance in branch rates for each phylogeny. For each of the six summary statistics (mean and

variance for each of the three rates), we set up a linear mixed-effect model:
log(summary statistic) = X3 + Zu + r, (2)

with inference method as a fixed-effect categorical predictor (effect sizes ), phylogeny as a
random effect categorical predictor (u), and an error term r. X and Z are design matrices
for the fixed and random effects. We visually checked that the residuals (r) were normally
distributed and did not suffer from heteroscedasticity; phylogenies that violated these assump-
tions were excluded from this analysis. For each linear model, we tested if the least-square
means of each pair of methods were statistically different using Tukey’s corrected p-value for

multiple comparisons.

Location and magnitude of rate shifts

We additionally tested whether the methods inferred consistent locations and magnitudes of
rate shifts, using the rooted version of the Kuhner-Felsenstein distance (Kuhner and Felsen-
stein) (1994). To do this, we first replaced branch lengths of each timetree with the posterior
median rate estimate, from a given method, then scaled each branch by the total tree height.
This produces a method-dependent tree with branch lengths that provide information regard-
ing the magnitude and location of rate shifts but with identical topology. We calculated KF
distances between the rescaled trees from each pair of methods; this distance is equivalent to
the mean square error (MSE) given that the two trees being compared have the same topology,
as they do in our analyses. For each tree and for each diversification parameter, we computed

the mean square error among the different methods:

N
MSE = %Z(Ai — )2, (3)
i
where \; (or similarly u;, or (A; — u;)) is the scaled diversification rate parameter for branch
i.

A large MSE tells us that the two methods being compared infer different rate magnitudes
and /or rate shifts in different locations. A small MSE, however, indicates that the two methods
give us similar results.

Diversification rates may vary according to clade age, potentially due to sampling (Henao Diaz
et al| [2019; Louca et al., 2022); in particular, younger clades may exhibit faster diversification
rates. To pull apart the potentially compounding effects of method and clade age on our
results, we also we tested whether the method-specific patterns we observe still hold for phy-
logenies of different ages by splitting our dataset into older and younger phylogenies (where

older and younger trees are defined as having a root age greater or less than the median root
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age) and repeating the above-described procedure for both groups.

6.4.4 Computation

We ran all diversification analyses either locally, on the Savio HPC at UC Berkeley, or using
the CIPRES Science Gateway V. 3.3 (Miller et al., 2010).

We performed all comparison analyses in R version 3.6.0 (R Core Team, 2020)). We per-
formed data manipulation with the R packages phytools, (Revell, 2012)), tidyverse (Wick-
ham et al.l 2019), reshape2 (Wickham| 2012), readr (Wickham and Hester, |2020), plyr
(Wickham)| 2011), and coda (Plummer et al., 2006]). We generated plots with R packages see
(Ludecke et al., 2021), ggplot2 (Wickham, [2016), ggpubr (Kassambara, 2018), ggtree (Yu
et al., 2018), ggsignif (Ahlmann-Eltzel [2017)), ggExtra (Attali and Baker, 2016), cowplot
(Wilke, 2016)) and pdftools (Oomsl 2020)). We fit linear mixed models using the R package
Imer (Bates et al., 2015) and obtain emeans estimates using the R package eemeans (Lenth),
2020). We additionally used smacof (Mair et al., 2022)) and phangorn (Schliep, [2011) to per-
form MDS and to calculate RF and KF distances. Citations for R packages were generated
with RefManageR (McLean, 2014]).

6.5 Results and discussion

6.5.1 Convergence

Our full dataset contains 76 chronograms from multicellular organisms, with 31 — 4161 extant
tips, root ages of 4.9 — 349.8 MYA, and 0.014% — 100% of extant species sampled
and [Table S6.1)). All methods converged for 43 trees (the “complete subset”; [Fig. S6.1B).
Of the methods tested, RevBayes had the most difficulty achieving MCMC convergence (it
converged for 46 trees). All methods except RevBayes converged in 65 trees (the “partial
subset”; ); Pesto directly computes the posterior mean and thus "convergence” does
not apply. Trees that did not converge have poorer taxon sampling (i.e. the ratio of sampled
species to total species richness; P-value = .039), older root ages (P-value = 0.0001), and
greater branch length variance (P-value = .00006) than the converged trees, but sample size
(number of tips) was not an important factor (P-value = .076; [Fig. S6.2C-F). The branch
length variance is consistent with the degree of spread between the KF and RF MDS analyses
fB); the KF MDS—which accounts for branch lengths as well as topology—has a
larger spread then the RF MDS. Overall these results fit with our intuitive understanding of
the challenges in inferring shifts in diversification rates. We expect that older trees and trees
with greater variation in branch lengths should undergo more rate shifts than younger trees and
those with less variation in branch lengths. Thus inferring the diversification-rate parameters
of these trees should be generally more challenging for the MCMC. These results suggest

that users should be particularly attentive to MCMC convergence if their chronogram(s) are
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Figure 6.1: Three representative phylogenies with Z-transformed (mean centering and scaling to unit vari-
ance) posterior median estimate of net diversification painted on the branches. Columns show estimates from
BAMM (A,F,K), RevBayes (B,G,L), Pesto (C,H,M), MTBD (D,I,N) and CLaDS2 (E,J,0). (A-E) Phylogeny of Lind-
saeaceae (necklace ferns; [Testo and Sundue] [2016)), (F-J) Phylogeny of Ruminants (tetrapod;
2018), and (K-O) Phylogeny of Odonates (dragonflies and damselflies; [Waller and Svensson| [2017). The rate
values are in units of events per lineage per million years.

poorly sampled, old, or have a lot of branch-length variation, and especially so if they are
using RevBayes. In these cases, even more so than usual, it is important to run each MCMC

multiple times independently, to assess both stationarity and convergence.
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6.5.2 Comparison of Methods

Visualizing rates on trees

None of the 43 phylogenies in our “complete subset” had concordant estimates among all meth-
ods given our evaluation criteria . For some phylogenies, the methods inferred similar
shifts in net diversification (e.g., [Fig. 6.1]A—E), whereas for others the inferred shifts differed
slightly (e.g., [Fig. 6.1F-J) or strongly (e.g., [Fig. 6.1K-O).We would expect some differences
when comparing different modeling approaches, as there are patterns to the differences in our
results that can be attributed to the fundamental differences between the models. We illus-

trate these patterns using a few example phylogenies, which are representative of the patterns
one will find when perusing the full set of trees in the supplemental materials (Appendix S6.5)).

Occasionally two methods generally identified similar patterns. For example, BAMM and
RevBayes identified a similar shift of about the same magnitude in speciation rates for some
clades, e.g., the Lindsaeaceae (necklace ferns, clade i; ,B). Nonetheless, there are still
differences between the two methods, e.g., a second nested rate shift in the RevBayes and

Pesto estimates (clade ii).

In the ruminants (tetrapods) phylogeny fJ ), we find that even for results that
overall appear similar between methods, there are meaningful differences between their esti-
mates. For example, BAMM, RevBayes, and Pesto inferred a shift around the ancestor of clade
i, but RevBayes and Pesto also find approximately two more shifts , clades ii and
iii). Likewise, MTBD differs from the latter two as it infers several shifts in the largest clade
and low net diversification rates on the backbone of that lineage (Fig. 6.1). Similarly, CLaDS2
infers a slightly different history from all of them, including multiple slow downs as well as
an increase in net-diversification within clade i. BAMM, RevBayes, and Pesto identify a shift in
approximately the same node (indicated by i) while MTBD infers many replicated increases in
rate within clade i. RevBayes and Pesto infer the same shift, which is expected as they are

based on the same underlying model and assumptions.

Multiple diversification shifts across a phylogeny is common to many of the MTBD trees
,N; Barido-Sottani et al 2020). This pattern is caused by the bimodal posterior
distribution commonly inferred by this method (Barido-Sottani et al., 2020). Point-estimate
summary statistics (e.g., posterior median) of these types of distributions are susceptible to
small variation between the ancestor-descendant branches, which causes point estimates to
switch between the two optima producing the rapid switching pattern ,N).

Likewise, CLaDS2 is the only model in our analysis that directly models trends in rates
through time. The inherited speciation rate («)) determines if daughter lineages inherit gener-
ally faster or slower rates than the parental lineage. (a) only changes at cladogenic (speciation)
events, which results in many small changes at cladogenetic events, rather than the few large
changes that characterize the other methods (Maliet et al., [2019; [Maliet and Morlon, 2022).



6.5 Results and discussion 115

When a < 1 evolutionary slowdowns occur where the ancestral lineages have higher net diver-
sification rates than the descendant lineages, a pattern observed in our data ; Moen
and Morlon, 2014)).

On the other hand, BAMM, RevBayes, and Pesto are similar models and therefore we may
expect them to infer similar diversification rates and shifts (Ronquist et al., 2021)). While
this is sometimes true (e.g., BAMM and RevBayes agree: K,L), other times there are
pronounced differences (e.g., BAMM is different from both RevBayes and Pesto: ,G).
Differences between BAMM and the other two models may be due to the well-known differences
between the models, namely assuming either rate shifts can (RevBayes and Pesto) or cannot
(BAMM) occur on extinct lineages or unsampled lineages (Moore et al., 2016).

Likewise, RevBayes and Pesto are not always in agreement (e.g., ,M). While
they are mathematically equivalent models, their inferences may differ for two reasons: (1)
The overall method of parameter inference and prior distributions. LSBDS infers the mean
speciation rate, mean extinction rate, and the shift rate jointly using full Bayesian inference
via MCMC using stochastic character mapping. In contrast, Pesto uses empirical Bayes
hyperparameters (similar to BAMM), where the mean speciation and extinction rates are first
estimated using a constant-rate birth-death process. This means that branch rates estimated
using Pesto are conditional on the parameters instead of integrating over the parameter values
in the MCMC as in RevBayes. (2) We used a fixed shift rate in Pesto, (n = 10/tree length)
instead of estimating it from the data. While the estimates of the shift rate in RevBayes are
sensitive to the shift rate prior, estimates of branch-specific speciation and extinction rates
are more robust to their priors (Hohna et all 2019). We argue that the inference method
(empirical Bayes vs. full Bayesian hierarchical model) between Pesto and RevBayes as well
as using 64 vs. 100 rate categories largely explains the differences in the branch-specific rate

estimates.

Comparisons of rate estimates by method

To gain a global perspective of the differences between these models, we calculated two tree-
wide summary statistics and distance metrics in order to compare these methods across the
entire dataset.

We ran all comparisons on the complete subset (the 43 trees that converged for all methods;
and on the partial subset (the 65 trees that converged for all methods except
RevBayes; . Comparisons between these two subsets reveal only one small difference
(e.g., compare BAMM vs. MTBD—Fig. 6.2IC vs. [Fig. S6.4C), and the most significant
differences did not change. Given the large number of datasets that did not converge for
RevBayes but converged for all other methods (unconverged datasets = 22) as well as the
theoretical similarities between Pesto and RevBayes, we report the following results for the
partial dataset (but see fF for summaries from the complete dataset).
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Table 6.1: Post-hoc pairwise comparisons of inference methods using the tree-wide average of summary statis-
tics: speciation, extinction, and net-diversification rates. Columns contain the summary statistics, contrasts of
inference methods, the ratios of geometric means, standard errors, degrees of freedom, t-ratios, Tukey-adjusted
p-values, significances, and the percent variances explained by the random effect.

Summary Statistic Contrasts Means Ratio SE DF T-Ratio Adj. P-Value Sig. % Var.
Speciation BAMM / ClaDS2 1.0114 0.0336 189 0.3402 0.986 N.S. 94.57
BAMM / PESTO 0.8833 0.0294 189 -3.7326 0.001 ok
BAMM / MTBD 1.0352 0.0344 189 1.041 0.726 N.S.
ClaDS2 / PESTO 0.8733 0.029 189 -4.0728 0.000 ook
ClaDS2 / MTBD 1.0236 0.034 189 0.7009 0.897 N.S.
PESTO / MTBD 1.172 0.039 189 4.7736 0.000 oAk
Extinction BAMM / ClaDS2 1.2616 0.3006 189 0.9752 0.764 N.S. 58.65
BAMM / PESTO 3.0505 0.7268 189 4.6808 0.000 ok
BAMM / MTBD 1.119 0.2666 189 0.4718 0.965 N.S.
ClaDS2 / PESTO 2.418 0.5761 189 3.7056 0.002 ok
ClaDS2 / MTBD 0.887 0.2113 189 -0.5034 0.958 N.S.
PESTO / MTBD 0.3668 0.0874 189 -4.209 0.000 oAk
Net Diversification BAMM / ClaDS2 0.6467 0.0406 188.067  -6.9392 0.000 okx 81.83
BAMM / PESTO 0.6666 0.0419 188.067  -6.4555 0.000 ok
BAMM / MTBD 0.8278 0.052  188.067  -3.0073 0.016 *
ClaDS2 / PESTO 1.0309 0.0644 188.0003  0.4863 0.962 N.S.
ClaDS2 / MTBD 1.2802 0.08  188.0003  3.9523 0.001 kx
PESTO / MTBD 1.2419 0.0776  188.0003 3.466 0.004 *k

We recover consistent differences in rate estimates among methods, particularly between
Pesto and all other models; CLaDS2 also was an outlier, albeit to a lesser extent (Tables
and S2). In contrast, BAMM and MTBD tended to infer similar speciation and extinction rates.
We find that tree-wide average speciation and extinction estimates of Pesto are statistically
different from all other methods (Fig. 6.2A-B).

While Pesto inferred higher tree-wide average speciation values, the magnitude of the
differences is small (ratio of means < 1.2 for all significant contrasts; Table [Table 6.1)). Con-
versely, Pesto inferred lower tree-wide averages of extinction rates with larger magnitude
changes (ratio of geometic means > 1.2; Table . The significant difference between
Pesto and other methods holds for tree-wide average net-diversification as well, except for the
comparison between Pesto and CLaDS2 (Fig. 6.2C), which is not significant.

Additionally, CLaDS2 tree-wide average net-diversification estimates are significantly dif-
ferent from BAMM and MTBD ([Fig. 6.2[C). A significant difference in net-diversification could be
driven by the CLaDS2 parameterization of extinction: extinction is not directly estimated in
CLaDS2. Therefore the net diversification rates of CLaDS2 are scaled speciation rates. Alterna-
tively, the differences between methods could be due to the wider variance of net diversification
estimates that both BAMM and MTBD have compared to CLaDS2 fC). However, sim-
ilar to tree-wide average speciation, the magnitude of difference between the contrast is not
large (Table . There is also a weakly significant difference between speciation rates
of BAMM and MTBD in our partial subset that was not found in the smaller complete subset.
Despite these differences, the methods tend to agree on the top three datasets with fastest
net-diversification rate (Fig. S6.5, generally inferring that the same set of lineages are evolving
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Figure 6.2: Comparison of tree-wide summary statistics across methods for the partial subset (n=65). (A-C)
Tree-wide mean of posterior median estimates of the branch-specific rate parameters, plotted on a log scale.
Asterisks correspond to the p-value of linear mixed model, calculated on the natural log of the rates (*: 0.05
> P-value > 0.01; **: 0.01 > P-value > 0.001; ***: 0.001 > P-value). (D-F) Pairwise mean squared error
(MSE) between inference methods of phylogenies with branch lengths scaled by rates (speciation, extinction,
and net diversification), plotted on a log scale. Split colors correspond to inference method color in A-C.
Distributions closer to zero indicate that the inference methods produced more similar rate estimates, whereas
higher values indicate greater dissimilarity. (D) MSE of speciation-scaled phylogenies; (E) MSE of extinction-
scaled phylogenies; (F) MSE of net-diversification-scaled phylogenies.

remarkably rapidly.

All methods generally had comparable tree-wide average extinction-rate estimates with
the exception of Pesto, which sometimes infers much lower extinction rates for some trees
than the other methods (though, on average, it infers higher extinction rates). The infer-
ence of extinction rate has been the subject of substantial debate, particularly in how failures
to account for diversification shifts along extinct branches can impact the likelihood func-
tion (Moore et al., [2016; Rabosky et al., |2017). Regardless of the theoretical importance of

correctly inferring extinction rates, we demonstrate that differences between extinction and

speciation rates manifest in statistically different estimates of net diversification in empirical
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studies. Therefore, our results indicate that method-dependent tree-wide bias in diversification
parameter inference may influence the interpretation of evolutionary shifts in diversification
rates.

We find discrepancies between results derived from tree-wide summary statistics and our
visual inspection of trees (see section “Visualizing rates on trees”). For example we find that
CLaDS2 and Pesto show no statistical difference in average net diversification (Fig. 6.2C).
However, visual inspection of many trees suggests that CLaDS2 and Pesto often differ greatly
in the number and position of inferred rate shifts (e.g., . Conversely, BAMM and
RevBayes often look very similar when we assess individual phylogenies and yet significantly
differ when we compare speciation, extinction, and diversification averages fC).
This discrepancy reveals the difficulty of summarizing diversification rate estimates across
phylogenies to reveal general patterns, and motivates the topology-informed rate comparisons,

discussed in the following section.

Location and magnitude of rate shifts

We also test whether the models recover similar locations and magnitudes of rate shifts by
comparing the mean squared error (MSE) of branch rates; this metric bridges the discrepancies
between the global metrics and the observed patterns across the trees (both described above;
Fig. 6.

When quantifying differences in the location and magnitude of shifts in speciation and net
diversification rates, CLaDS2 differs the most (larger MSE), compared with the other methods
(Fig. 6.2D,F) and it is by far the biggest outlier across the models when visually inspecting the
trees ,J ,0). This result indicates that CLaDS2 estimates differ strongly from those
of the other methods in the degree of the shifts it infers, and in their location. This result is
in contrast to the tree-wide averages presented above (see also fC), where CLaDS2

is unexceptional. These results are also corroborated by analyses that take into account

uncertainty in rate estimates (see [Appendix 56.4] especially [Fig. S6.6| and [Table S6.3)). We
recover the same pattern when we subset our data by older and younger trees (Fig. S6.7)),

indicating that our comparisons are robust to clade age.

Tools for Assessing Methods

Inferred rates generally differ depending on the analysis method; how then should an empirical
biologist choose which method to use? A reasonable conclusion from our analyses is that
these methods are inherently unreliable. However, given the continued interest (both via
use and development) in these methods, we advise empirical users who do wish to conduct
diversification-rate analyses to take one of two paths.

The first path is to carefully select a method based on the model assumptions. The meth-

ods presented in this analysis have theoretical differences in their approach, which appear to
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produce corresponding differences in results. For example, methods differ in whether shifts
in diversification rates are allowed on extinct or unsampled lineages (RevBayes, Pesto, and
the “exact MTBD” not tested here), whether diversification rates of each regime are drawn
from a continuous distribution (BAMM, MTBD, and CLaDS2) or from a set of discrete rate cat-
egories (RevBayes and Pesto), and if shifts occur at cladogenetic events (CLaDS2) or along
lineages (BAMM, MTBD, RevBayes, and Pesto). The models make additional assumptions, such
as whether shifts in diversification rates affect the process-intrinsic parameters (the speciation
and extinction rates) or transformations thereof (e.g., the net diversification or turnover rate)
and whether shifts affect single parameters or combinations of parameters. These assump-
tions lead to notably different interpretations of how values change through time. Choice of
method can be supported by taxon-specific data such as species distribution, fossil record,
or phenotypic data (Morlon) 2014). Thus, users should also familiarize themselves with how
these models parameterize and estimate diversification rates and ensure that these modeling
choices reflect the user’s assumptions about biological processes.

The second path is to critically compare multiple methods when performing diversification
analyses. We have shown that—despite the difference in models—in some cases multiple
methods produce results with similar biological interpretations. To facilitate the adoption of
this practice, we provide R code to easily visualize the results of multiple diversification-rate
models across the same phylogeny: https://github.com/Jesusthebotanist/CompDiv_proc
essing_and_plotting.

Regardless of the path taken, these methods are known to be sensitive to prior choice (e.g.
RevBayes: prior on number of rate shifts n, [Hohna et al|2019, MTBD: prior on state change
rate -y, Barido-Sottani et al.|[2020, BAMM: prior on rate of shifts Moore et al.|2016; Mitchell and
Rabosky| 2017)). Method developers generally recommend making inferences under a range
of priors to characterize the impact of prior choice on the analysis. While assessing impact
of the prior choice is outside of the scope of this paper, we strongly recommend researchers

investigate prior sensitivity when conducting using these methods.

The Future of Diversification Analyses

The rise of methods aiming to identify shifts in diversification speaks to the importance of
these analyses for understanding the drivers and impacts of important evolutionary events.
However, we advocate for caution, for two reasons described below.

First, taking a cautious approach is especially important in light of the many potential
problems with these methods, including the controversy surrounding the identifiability of
birth-death models (Louca and Pennell, 2020b, but see also Helmstetter et al. 2022} |Legried
and Terhorst|2022; Morlon et al.|2022; |Kopperud et al.|[2023, among others).

Louca and Pennell (2020b)) presented a class of birth-death models that are unidentifiable

if the rate functions are time-varying (but homogeneous across lineages) and allowed to take
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any continuous shape. Nonetheless, hypothesis-driven approaches are not allowed to take any
arbitrary shape. Since the rate shapes are designed to test diversification scenarios, defined a
priori, it has been shown that this approach is not prone to the identifiability issue (Morlon
et al., 2022). Even time-varying models that are more agnostic about prior hypotheses are
not typically allowed to take any continuous rate shape. Among the “agnostic” models, the
piecewise-constant model is the most eminent (Stadler, 2011; Magee et al.l 2020]), and this
model has been proven to be asymptotically identifiable provided there are not too many
pieces (Legried and Terhorst), 2022]).

However, in spite of the non-identifiability, inferences of rapidly changing speciation and ex-
tinction rates are still typically robust (Kopperud et al.; 2023). The issue of non-identifiability
remains to be investigated thoroughly in lineage-heterogeneous models. These models are
more parameter-rich than their homogeneous cousins, and so we do not expect the issue of

non-identifiability to be any simpler here.

Second, we caution against relying too heavily on the estimates from a single method with-
out justifying the assumptions encoded into the model’s choices regarding parameterization

and estimation, as we describe in detail in "Tools for Assessing Methods".

Some users may wish to use model testing or model adequacy analyses to choose among
methods, but we currently do not recommend these approaches. Model testing—especially
across models implemented in different software packages—is likely to pick up signal from
differences in prior specification that may mislead or otherwise confuse the results. In addition,
Bayes factors for these models, if calculated from marginal likelihoods (e.g., by stepping-stone
or path sampling), are unreliable due to the conflation of prior and likelihood in the tree model:
such Bayes factors may offer decisive support for the wrong model (May and Rothfels| 2023).
Model adequacy approaches have not yet been implemented (to our knowledge) in any of the
software for these types of analyses. For example, posterior predictive simulations in Pesto
or RevBayes would not condition on the observed rate shifts and instead would simulate from
the prior distribution of rates. The development of appropriate methods for model adequacy
under these models would be a highly useful tool for future research. However—for now—we
recommend that users look towards other sources of data on diversification rates (e.g., the
fossil record, expected time to speciation, etc.) to verify if the models’ estimated rates fall

within reasonable expectations given the particularities of the system.

The methods investigated in this paper vary in their underlying model and assumptions,
but are theoretically related (Ronquist et al., 2021]). Due to these model differences, we expect
differences in inferences which, in turn, could translate into different biological interpretations.
Using a set of empirically derived phylogenies, we show that this is true (Fig. 6.1): no two
methods inferred the same shifts for any phylogeny. In some cases, methods generally agreed
upon the location and timing of inferred shifts, but in other cases methods strongly disagreed.

Method-dependent differences of individual trees were corroborated by tree-wide summary
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statistics, which indicated small but significant differences between methods (Fig. 6.2 Table
. While these results hold up when we take into account the uncertainty in rate
estimates, we also urge caution in relying too heavily on summary statistics and encourage
users to carefully examine their posterior distributions, as 95% HPD intervals vary among

methods and distributions may be bimodal, which may mislead common summary statistics

(Fig. S6.8] see also Barido-Sottani et al., [2020).

Regardless, it is clear there will be a continued interest in using diversification analysis
with a renewed appreciation for the complexities of these methods and the details of how rates

are parameterized and estimated.
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6.5.5 Data accessibility

All scripts, data and outputs can be found at on Dryad at (doi:10.6078/D18Q68) upon publi-
cation. A set of R functions to help user analyze outputs of studied Baysian methods can be

found at (https://github.com/Jesusthebotanist/CompDiv_processing_and_plotting)


https://github.com/Jesusthebotanist/CompDiv_processing_and_plotting

Chapter 7

RevGadgets: an R package for
visualizing Bayesian phylogenetic

analyses from RevBayes

“The Italian mathematician Gerolamo
Cardano (1501-1576) is believed to be
the first to have formulated the notion
of probability in gambling in terms of
the number of distinguishable ways that

events may occur.”

(Pearl, 1988, p.70)
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7.1 Abstract
1. Statistical phylogenetic methods are the foundation for a wide range of evolutionary

and epidemiological studies. However, as these methods grow increasingly complex, users
often encounter significant challenges with summarizing, visualizing, and communicating

their key results.

We present RevGadgets, an R package for creating publication-quality figures from the
results of a large variety of phylogenetic analyses performed in RevBayes (and other

phylogenetic software packages).

We demonstrate how to use RevGadgets through a set of vignettes that cover the most

common use cases that researchers will encounter.

RevGadgets is an open-source, extensible package that will continue to evolve in parallel
with RevBayes, helping researchers to make sense of and communicate the results of a

diverse array of analyses.
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7.2 Introduction

Beyond being a graphical representation of the Tree of Life, phylogenetic trees provide a
rigorous basis for a wide range of evolutionary and epidemiological inferences. Phylogenetic
methods allow researchers to understand how molecular and morphological traits evolve (Nei,
1987} Yang, |2014; Felsenstein), |1985; Harvey and Pagel, [1991]), how lineages disperse over geo-
graphic space (Ronquist and Sanmartin, [2011)), and how lineages diversify over time (Morlon,
2014), among other evolutionary phenomena. Additionally, phylogenetic methods can be used
to inform conservation decisions (Faith, |1992)) and are powerful epidemiological tools (Volz
et al., 2013; Baele et al., [2017).

Phylogenetic methods are increasingly based on explicit probabilistic models with param-
eters that describe underlying evolutionary processes. As datasets grow and evolutionary
hypotheses become more nuanced, these models necessarily become more complex. RevBayes
(Hohna et al., |2016a) is a Bayesian phylogenetic inference program that was developed to ac-
commodate this increasing complexity and allows users to explore a vast space of phylogenetic
models. Models in RevBayes are specified as probabilistic graphical models (Hohna et al.,
2014), which are graphical representations of the underlying dependencies among parameters
(and their corresponding prior distributions), similar to individual Legos being used to build
a complex city. Using this graphical modeling framework, users can design customized models
and tailor analyses to their particular datasets and research questions. However, this flexi-
bility comes at a cost: because of the nearly infinite variety of possible models (and model
combinations) that users can explore in RevBayes, the results of these analyses are often chal-
lenging to summarize and visualize using standard software. This is a significant limitation
for RevBayes users because, in addition to being the primary method for reporting results of
phylogenetic analyses, graphical summaries are a valuable tool for making sense of scientific
results (Tufte, 2001)), and for diagnosing modeling and analytical problems (Kerman et al.,
2008).

Historically, RevBayes users have had to process and plot their results using ad hoc scripts
written for each analysis, which imposed a significant barrier to entry for users not familiar
with the structure of RevBayes output or comfortable with developing their own graphical
summaries. To address these challenges, we developed RevGadgets. RevGadgets is an R
package (R Core Team| 2020)) that adds to the diverse ecosystem of phylogenetic visualization
tools—e.g., ape (Paradis and Schliep, |[2019), Tracer (Rambaut et al. 2018)), phytools (Revell,
2012), ggtree (Yu et all [2017), FigTree (Rambaut| 2014), IcyTree (Vaughan, 2017), among
many others—but is specialized for output produced by RevBayes. RevGadgets serves as a
bridge between RevBayes analyses and existing tools for phylogenetic data processing and
plotting in R, especially the ggtree package suite, which includes the ggtree, tidytree,
and treeio packages (Wang et al.. 2020; [Yu et al., 2017). RevGadgets provides tools for

plotting summary trees (including summaries of parameters for each branch), ancestral-state
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estimates, and posterior distributions of parameters for a variety of models. Using the general

framework of ggplot2, the tidyverse, and associated packages (Wickham)| 2016; Wickham
, 2019), plotting functions return plot objects with default, but customizable, aesthetics.

Here, we present five vignettes demonstrating how to use RevGadgets to summarize results

for a variety of phylogenetic analyses.

file <- "bears.mcc.tre"
tree <- readTrees(paths = file)

plotFBDTree(tree = tree,

timeline = TRUE,
geo_units = "epochs",
tip_age_bars = TRUE,
node_age_bars = TRUE,
age_bars_colored_by = "posterior",
label_sampled_ancs = TRUE) +

ggplot2: :theme(legend.position=c(0.05, 0.55))

Ursus maritimus
1:Ursavus brevirhinus |{
2:Ursavus primaevus Ursus arctos
3:Kretzoiarctos beatrix |
4:Ailurarctos lufengensis rsus spelaeus

5:Indarctos punjabiensis

Ursus thibetanus

Ursus americanus

Posterior
1.0

Helarctos malayanus
0.8

0.6 elursus ursinus

0.4 I—Tremarctos ornatus
2 I——Arctodus simus
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Indarctos vireti

Indarctos arctoides

Agriarctos spp

Ailuropoda melanoleuca
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Figure 7.1: Plotting a time-calibrated phylogeny of extinct and extant taxa. Top) RevGadgets
code for reading in and plotting a time-calibrated phylogeny of extant and extinct bears. We use the theme
function from ggplot2 to add the posterior-probability legend. Bottom) The maximum sampled-ancestor
clade-credibility (MSACC) tree for the bears. Sampled ancestors are indicated by numbers along the branches
(legend, top left). Bars represent the 95% credible interval of the age of the node, tip or sampled ancestor in
millions of years (geological timescale, x-axis); the color of the bar corresponds to the posterior probability
(legend, middle left) of that a clade exists, the posterior probability that a fossil is a sampled ancestor, or the
posterior probability that a tip is not a sampled ancestor. (Data from [Abella et al., [2012; [Heath et al.,|2014})
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7.3 Phylogenies

Phylogenies are central to all analyses in RevBayes, so accurate and information-rich visual-
izations of evolutionary trees are critical. In this case study, we demonstrate the tree-plotting
functionality of RevGadgets, with methods to visualize phylogenies and their associated pos-
terior probabilities, divergence-time estimates, and branch-specific parameter estimates.

RevGadgets provides paired functions for (1) reading in and processing data, and (2) sum-
marizing and visualizing results. For phylogenies, the function readTrees() loads trees (ei-
ther individual trees, or sets of trees) in either Newick or NEXUS (Maddison et al., [1997)
formats, then processes associated branch or node annotations, and finally stores the tree(s)
as treedata object(s) (as defined by treeio; Wang et al., 2020). Users can then visualize
the treedata object using either plotTree() or plotFBDTree(), as we demonstrate below.
Alternatively, users may choose to write custom plotting code using existing ggtree functions.

RevGadgets can plot both unrooted and rooted trees, and creates plots that are compatible
with plotting options from ggtree. Additionally, RevGadgets provides extensive functionality
for plotting trees with non-contemporaneous tips, such as those produced by total-evidence
analyses under the fossilized birth-death [FBD| process (Heath et all 2014; Zhang et al.,
2016). The fossilized birth-death process (and the related serially-sampled birth-death process;
Stadler}, 2010|) produces sampled ancestors (samples that are directly ancestral to another
sampled taxon and thus are not represented as tips in the tree), and the ages of the samples
are often subject to uncertainty (e.g., because of imperfect knowledge about the age of the
strata from which the samples were collected). As a consequence, conventional tree plotting
tools are unsuitable for plotting FBD trees. We demonstrate how to use RevGadgets to plot
the results of an FBD analyses of living and extinct bears data from |[Abella et al.,
2012 and [Heath et al. 2014). We include age bars colored by the posterior probability of the
corresponding node, a geological time scale and labeled epochs from the package deeptime
(Gearty, [2021)), and fossils estimated to be direct ancestors of other samples (i.e., sampled
ancestors).

In addition to visualizing trees themselves, RevGadgets allows researchers to visualize
branch-specific parameters, for example rates of evolution or diversification for each branch
in the phylogeny. In we demonstrate how to use plotTree() to visualize the esti-
mated optimal body size as it varies across the cetacean phylogeny under a relaxed Ornstein-
Uhlenbeck process (Butler and King, 2004; |Uyeda and Harmon, 2014; data from Steeman
et al., 2009; Slater et al., [2010). Under this model, a quantitative character evolves towards
an adaptive optimum that changes along the branches of the tree, and thus the optimum
associated with each branch is a focal inference.

The plotTree() function can also visualize unrooted or circular phylogenies, and users
may add text annotations to denote posterior probabilities or other quantities. Users can

apply ggtree functions to modify the RevGadgets plot, e.g., to highlight certain clades with
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# specify the annotated tree file
file <- "relaxed_0QU_MAP.tre"

# read the tree
tree <- readTrees(paths = file)

# plot the tree

plotTree(tree = tree,
color_branch_by = "branch_thetas",
line_width = 1.7) +

ggplot2: :theme(legend.position=c(0.1, 0.9))
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Figure 7.2: Plotting branch-specific parameter values across a phylogeny. Top) RevGadgets code for
reading in and plotting the cetacean phylogeny that has been annotated with branch-specific adaptive optima
(0) inferred under a relaxed Ornstein-Uhlenbeck model. Bottom) The cetacean phylogeny with branches
colored according to the posterior-mean estimate of the inferred branch-specific optimum body size, 6 (legend,
top left). (Phylogeny from |Steeman et al |2009; body size data in units of natural log-transformed meters

from [Slater et al., [2010})

geom_hilight() or to add phylopics (http://phylopic.org/) using geom_phylopic().
Together, these functions provide user-friendly and customizable tree-plotting functionality

for a variety of core research questions in evolutionary biology.


http://phylopic.org/
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7.4 Posterior estimates of numerical parameters

RevGadgets provides several tools to visualize posterior distributions of numerical parameters.
The output produced by most RevBayes analyses is a (typically tab-delimited) text file where
rows correspond to samples from sequential iterations of an MCMC analysis, and columns
correspond to parameters in the model. Most information of interest to researchers—e. g., most
probable parameter values (maximum a posteriori, or MAP, estimates), 95% credible intervals
(CIs), or full posterior distributions—requires processing this raw MCMC output. Here, we
demonstrate methods for processing and visualizing MCMC output for both quantitative and
qualitative parameters.

We illustrate the core functions for reading, summarizing and visualizing posterior dis-
tributions of specific parameters with an example analysis of chromosome number evolution
data from |Freyman and Hohna, [2018). We use readTrace () to read in parameters
sampled during one or more MCMC analyses. We then use summarizeTrace() to calculate
the posterior mean and 95% credible interval for the focal parameters. Finally, we plot the
marginal posterior distributions of the focal parameters using plotTrace().

Plots of the posterior distributions of parameter values are key to a thorough understanding
of the results of any Bayesian analysis. These tools encourage users to explore their results
thoroughly rather than relying on single summary statistics. These summaries and plots may
also be useful as tools for science communication and education on statistical phylogenetics,
as they can easily be used to demonstrate differences in parameter estimates that result from
changes to basic phylogenetic models. Additionally, the output of readTrace () may be passed
to R packages specializing in MCMC diagnosis, e.g., convenience (Fabreti and Hohna, [2022)
or coda (Plummer et al| |2006). These functions are compatible with any delimited text file of

MCMC samples, and can be used with the output of most Bayesian phylogenetic programs.

7.5 Ancestral-state estimates

In addition to making inferences about the underlying process of evolution, researchers may be
interested in studying how particular characters evolved across the branches of the phylogeny.
Ancestral-state estimation is a method for inferring that history.

RevGadgets offers two different types of summaries for ancestral-state estimates: (1) max-
imum a posterior (MAP) estimates, i.e., the states with the highest posterior probability at
each node, and; (2) pie charts that represent each state in proportion to its probability at
each node. Ancestral-state estimates may be represented as text annotations rather than
colored symbols. Additionally, RevGadgets can summarize and visualize ancestral-state esti-
mates at internal nodes and at the “shoulders”, i.e., at the beginning of each branch. Plotting
the states at internal nodes is appropriate for standard evolutionary models of anagenetic

(within-lineage) change. However, models of evolution that include a cladogenetic compo-
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# specify the log files with rates of
# chromosome evolution
files <- c("chromevol_simple.log")

# read the trace
trace <- readTrace(path = files)

## Reading in log file 1

# summarize the traces of the parameters
# gamma: chromosome gain rate
# delta: chromosome loss rate
summary <- summarizeTrace(
trace = trace,
vars = c("gamma", "delta"))

# report the summary for the gain Tate
summary [ ["gamma"] ]

## $trace_1

## mean median MAP
## 0.28853914 0.23994560 0.13586156
## quantile_2.5 quantile_97.5

#it 0.03347161 0.80123940

# plot the posteriors of each parameter

plotTrace(trace = trace,
vars = c("gamma", "delta"))[[1]]

Trace 1

Variable

— gamma

— delta

0.0 05 10 15 20

Parameter value

Figure 7.3: Plotting posterior distributions of numerical parameter values. Top) RevGadgets code
for reading in and plotting the posterior distributions of rates of chromosome evolution in Aristolochia. Bottom)
Marginal posterior distributions of the two rate parameters. Shaded regions represent the 95% credible interval
of each posterior distribution. (Data from [Freyman and Hohna), [2018])

nent (e.g., models of biogeographic or chromosome-number evolution; Ree and Smith| [2008;

\Goldberg and Igic, [2012; Freyman and Hohnay, 2018)) also allow states to change at speciation

events. In this case, researchers may also want to plot the shoulder states, which represent

the ancestral-state estimates for each daughter lineage immediately following the speciation
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State posterior
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# specify the tree file
file <- "ase_freeK.tree"

# read in the tree annotated with ancestral states

freeK <- processAncStates(file, state_labels = c("1" = "Epitheliochorial",
"2" = "Endotheliochorial",
"3" = "Hemochorial"))

# plot the tree with MAP ancestral states
plotAncStatesMAP(t = freeK, tree_layout = "circular") +
ggplot2: :theme(legend.position = ¢(0.96,0.5))

Figure 7.4: Plotting maximum a posterior (MAP) estimates of ancestral states on a circular
phylogeny. Top) MAP estimates of ancestral placental states across the phylogeny of mammals. Each node
is colored by the MAP state (legend, bottom right); the size of each symbol is proportional to the posterior
probability of the map state (legend, top right). Bottom) RevGadgets code for reading in and plotting the

MAP estimates for ancestral placental states across the mammals phylogeny. (Data from [Elliot and Crespil
20061 )

event.

We demonstrate how to plot ancestral-state estimates of placenta type across the mammal
phylogeny under an asymmetric model of character evolution (Fig. 7.4t data from
. First, we use processAncStates() to read in and parse the phylogeny and
ancestral-state estimates inferred using RevBayes. Second, we use plotAncStatesMAP() to
color each node symbol according to the state with the highest posterior probability, and make

the area of the symbol proportional to that state’s posterior probability. Because of the size of
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# specify the annotated tree file
file <- "simple_ase.tre"

# define the state labels

1abs <_ C(“l“ = IIKH II2|| = IIO|| II3|| = IIMH ll4|| = IIHII H5Il = HKOII H6ll = HKMII
nzn = wgMe ngn = wgygn ngn = wgQE", "4Q" = "MH", "{1" = "KQM", "12" = "KQH"
n{3" = "KMH", "14" = "OMH", "15" = "KOMH")

# read the annotated tree file
dec_example <- processAncStates(file, state_labels = labs)

# plot the tree with pie charts for ancestral states
plotAncStatesPie(t = dec_example, cladogenetic = TRUE, tip_labels_states = TRUE,
tip_label_italics = FALSE, tip_labels_offset = 0.2,
tip_pie_nudge_x = 0.15, tip_pie_size = 1.0,
node_pie_size = 1.5, tip_labels_states_offset = 0.05) +
ggplot2: :theme(legend.position = c(-0.05, 0.5), plot.margin = unit(c(0,0,0,2),"cm"))

Figure 7.5: Plotting posterior distributions of ancestral states under a cladogenetic model. Top)
The posterior estimates ancestral biogeographic states of the Hawaiian silverswords estimated under a DEC
model. The size of each pie slice is proportional to the posterior probability of a given state (legend, top left)
for a particular lineage. Pies at nodes represent the state of the ancestral lineage immediately before speciation;
pies at “shoulders” represent the states of each daughter lineage immediately following the speciation event.
Bottom) RevGadgets code for reading in and plotting the posterior estimates for ancestral geographic range
across the phylogeny of Hawaiian silverswords. (Data from |Landis et al., [2018})

the phylogeny, we choose to plot the estimates on a circular tree by changing the tree layout

parameter.

Next, we demonstrate plotting estimates of ancestral ranges of the Hawaiian silversword
alliance that were generated by a Dispersal-Extinction-Cladogenesis (DEC) model (Fig. 7.5

data from Landis et al., [2018]). Since the DEC model features a cladogenetic component, we

include shoulder-state estimates. Because of the large number of states in this analysis (15
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possible ranges and one “other” category), more pre-processing is necessary. As before, we
pass the appropriate state names to processAncStates(); however, in this case we plot pie
charts representing the probability of each state using plotAncStatesPie(), and plot states
at shoulders using cladogenetic = TRUE.

Beyond the above examples, these versatile plotting tools can visualize any discrete ancestral-
state estimates reconstructed by RevBayes, including the results of chromosome count esti-
mations (Freyman and Hohna, 2018) and discrete state-dependent speciation and extinction
(SSE) models (Freyman and Hohna, [2019; |Zenil-Ferguson et al.| 2019).

7.6 Diversification rates

The processes of speciation and extinction (i.e., lineage diversification) is of great interest to
evolutionary biologists (Morlon, 2014)). Rates of speciation and extinction may be modeled as
constant over time and among branches (as in a constant-rate birth-death process; |Kendall,
1948} (Nee et al., [1994b)), or allowed to vary over time (Stadler, [2011; May et al., |2016]), across
branches of a phylogeny (Rabosky, 2014; Hohna et al| |2019), or based on the character states
of the evolving lineages (Maddison et al., 2007; Freyman and Hohnal, 2019)). For example, rates
that vary across branches of the phylogeny can be visualized using plotTree() to color the
branches by their inferred rate. State-dependent diversification models provide estimates of
the speciation and extinction rates associated with each character state, and may also be used
to estimate ancestral states. plotTrace() or specific processing and plotting functions for
diversification rates—processSSE(), plotMuSSE, and plotHiSSE—may be used to visualize
the estimated rates. plotAncStatesMAP() or plotAncStatesPie() may be used to visualize
the ancestral-state estimates.

We demonstrate how to plot the results of a time-varying model—the episodic birth-death
process (Stadler] 2011} [Hohnal, [2015)—applied to primate phylogeny Springer et al.]
2012). The episodic birth-death analysis in RevBayes produces separate trace files each type
of rate. We read these output files using processDivRates () and plot the resulting parameter
estimates over time using plotDivRates().

Together with the aforementioned functions for plotting diversification parameter esti-
mates, plotDivRates () allows users to visualize the outputs of nearly all diversification anal-
yses available in RevBayes. Stochastic character mapping of diversification estimates, in which
the timing and location of diversification rate shifts are painted along the branches of the tree,
will be added in the future (Freyman and Hohnal 2019; Hohna et al., 2019).

7.7 Model adequacy

In addition to visualizing the results of phylogenetic inferences with a specific model, RevGadgets

provides tools for exploring the adequacy of the model (i.e., whether the model provides an
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# specify the log files with diverstification
# rates and rate-change times
speciation_time_file <- "speciation_times.log"
speciation_rate_file <- "speciation_rates.log"
extinction_time_file <- "extinction_times.log"
extinction_rate_file <- "extinction_rates.log"

# read the log files

rates <- processDivRates(
speciation_time_log = speciation_time_file,
speciation_rate_log = speciation_rate_file,
extinction_time_log = extinction_time_file,

extinction_rate_file)

extinction_rate_log

# plot the diversification rates
plotDivRates(rates = rates)

Speciation rate Extinction rate
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Figure 7.6: Plotting posterior distributions of diversification rates over time. Top) RevGadgets
code for reading in and plotting the posterior estimates of diversification rates over time inferred from the
primate phylogeny. Bottom) Posterior distributions of speciation and extinction rates over time, as well as
the net diversification rate (speciation minus extinction) and the relative extinction rate (extinction divided
by speciation). Dark lines correspond to the posterior-mean estimate of each parameter for each time interval,
and shaded regions correspond to the 95% credible interval. (Data from |Springer et al., [2012})

adequate description of the data-generating process; [Bollback), 2002} |[Gelman et all [2013;

Brown| 2014; [Hohna et all 2018). Posterior-predictive analysis tests whether a fitted model

simulates (predicts) data that are similar to the observed data. This process is distinct from

model testing, in which one model is chosen from a set of possible models, as the best model
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sim <- "simulated_data_pps.csv"
emp <- "empirical_data_pps.csv"
stats <- processPostPredStats(path_sim = sim,
path_emp = emp)
plots <- plotPostPredStats(data = stats)
plots[c(1,3,5,7)]
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Figure 7.7: Plotting simulated posterior-predictive distributions to assess model adequacy. Top)
RevGadgets code for reading in and plotting the distributions of summary statistics generated using posterior-
predictive simulation posterior. Bottom) Posterior-predictive distributions (black curves) of four statistics
simulated under the Jukes-Cantor model fit to primate cytb, compared to the same statistics computed on the
observed data (dashed vertical lines). The posterior-predictive p-value (upper right of each panel) is the fraction
of simulated statistics that are as or more extreme than the observed statistic. If the observed statistic falls
in or beyond the orange region, we deem the model as inadequate at the 5% significance level; if the observed
statistic falls in the blue region, the model is marginally adequate at the 10% significance level. In this case,
the Jukes-Cantor model provides an inadequate description of the true generating process according to every
summary statistic. (Data from [Springer et all [2012})

of the set may still provide an inadequate description of the underlying process.

First, users analyze their data with the model of interest and then use the inferred posterior
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distribution to simulate a number of new data sets. The user then selects test statistics that
describe important features of the data (e.g., the number of invariant sites in a nucleotide
alignment) and calculates these statistics for both the observed data and the simulated data. If
the statistic from the empirical data is reasonably included within the distribution of statistics
from simulated datasets (posterior-predictive p-value > 0.05), the model is considered an

adequate description of the process that produced the tested data feature.

Here, we demonstrate the workflow for a posterior-predictive analysis to test model ade-
quacy of the Jukes-Cantor model for nucleotide sequence evolution (Jukes and Cantor, |1969)
in a single gene across a sample of 23 primates ; data from Springer et al. |2012).
First, we perform an analysis in RevBayes under a Jukes-Cantor model of nucleotide sequence
data. Second, we use RevBayes to simulate datasets under the posterior distributions esti-
mated in the first step. Third, we use RevBayes to calculate statistics from the simulated and
empirical datasets. These statistics should describe aspects of the data that we hope capture
a meaningful component of model performance. Finally, we use RevGadgets to plot those
statistics and compute posterior-predictive p-values.

Despite being computationally inexpensive compared to Bayesian model comparison meth-
ods (i.e., Bayes factor calculation), posterior-predictive approaches remain relatively uncom-
mon in empirical phylogenetic studies. As genome-scale datasets and increasingly complex
statistical methods become more accessible to researchers, posterior-predictive simulation will
be critical to testing how well our models describe the underlying generative processes. This
component of RevGadgets functionality and the associated clear workflows for performing and
interpreting posterior-predictive tests will hopefully increase the adoption of this important

tool.

7.8 Conclusions

RevBayes is a flexible platform for performing Bayesian phylogenetic evolutionary inferences.
Because of the almost endless possibilities for building unique combinations of models in
RevBayes, these analyses are often challenging to visualize using standard plotting software.
We have developed an R package, RevGadgets, to produce publication-quality visualizations
of phylogenetic analyses performed in RevBayes. The case studies described above illustrate
some of the core functionality available in RevGadgets and demonstrate how to produce plots
of the most commonly-performed RevBayes analyses. RevBayes is open source software that is
actively maintained and developed. Likewise, RevGadgets is also open source and will continue
to provide new plotting tools to meet new visualization challenges as they arise. RevGadgets
and any future updates will be available on CRAN (https://cran.r-project.org/web/pac
kages/RevGadgets/index.html) and on GitHub at https://github.com/cmt2/RevGadgets.

Additionally, we provide thorough documentation for all functionality in the package and
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maintain numerous tutorials demonstrating how to use RevGadgets on the RevBayes website
at https://revbayes.github.io/tutorials/. Together, the modular modeling tools from
RevBayes and the visualization gadgets in RevGadgets will help researchers make sense of and

communicate the results of a diverse array of sophisticated phylogenetic analyses.

7.8.1 Dependencies

RevGadgets depends on many R packages, in particular: ape (Paradis and Schliepl 2019);
phangorn 2011)); phytools 2012)); ggplot2 (Wickhaml [2016); ggtree
2017); treeio (Wang et all [2020)); deeptime 2021); dplyr (Wickham et al)
2021)); treeplyr (Uyeda and Harmon| 2020); tidytree 2021b)); reshape (Wickham
2007); ggthemes (Arnold, 2021)); tidyr (Wickham| [2021)); tibble (Miiller and Wickham)
2021); gginnards 2021a); ggimage (Yu, 2020); ggplotify (Yu, 2021a); png (Ur-
2013); and ggpp (Aphalo, [2021D).
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Appendix A

Supplementary Material for Chapter 2

S2.1 Calculation of the equivalent rate functions within the

congruence class

The pulled net-diversification (Louca and Pennell, [2020b) is one of the identifiable parameters
in the reconstructed birth-death model and the central component in CRABS. It is defined as

a differential equation
1 dA(t)
t) = At) — p(t —_— . S2.1
lt) = MO = lt) + 5755, (52.)
The pulled rates are calculated automatically in CRABS for any diversification model regardless
of the shape of speciation and extinction rate functions provided. In principle, if the specific
AA(t) dAA(t)

form of the speciation rate function is known, then =3~ and thus =7~ could be computed

analytically. In R, such knowledge of the form of equation representing a function is not known,
AA(t) .
and therefore we compute =7~ numerically.

Next, recall that the pulled net-diversification rate, together with A(0), completely char-
acterizes the congruence class. In order to construct a congruent model, we can propose an
alternative rate function p/(t), and solve for A(t). Solving [Eq. S2.1| for u(t) is trivial, as
p(t) = A(t) —rp(t) + ﬁ%@. In order to solve for A(t), we first rearrange the equation as

d(t)

S = MR () (522

Then, we use an ODE (Ordinary Differential Equation) solver to compute the solution for A(%)
numerically. More specifically, we use a Runge-Kutta method of order five, implemented in
Fortran by [Hairer and Wanner| (1996). We use the function radau in the R-package deSolve
(Soetaert et al.l |2010) as an interface to access the ODE solver in R.

We set of functions to compute the alternative speciation and extinction rates. However,
these functions are evaluated at specific time-points provided by the users. The alternative

speciation and extinction rates correspond to a model within the congruence class, although
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only at the provided time-points. In between these time-points the function are, as in our
examples, interpolated. This makes these functions, in a strict mathematical sense, not part of
the congruence class. Nevertheless, the resemblance to the true function within the congruence
class can be made arbitrarily high, so that these functions are visually indistinguishable, see

below.
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S2.2 Accuracy of the method

S2.2.1 Lineages through time

We evaluate the rate functions on a pre-specified grid of time points. The idea is that, for
sufficiently many time points, or sufficiently small At, we can approximate any continuously
varying rate function. How many time points is considered sufficient? To assess this question,
we require some sort of benchmark. One property of the congruence class is that all models
must have the same deterministic lineage-through-time (dLTT) curve. Thus, we can check
if our transformation to another model within the congruence class worked. We used the
R-package TESS (Hohna et al., 2016b) to calculate the dLTT for a selection of models where
we varied the amount of time points on the grid . In the original analysis, we used
100 epochs or intervals to estimate the piecewise-constant diversification rates. It appears
that 10, 20, and even 50 time points are inadequate. In our view, 500 or more time points are
sufficient for precisely setting up the primates congruence class, and for proposing alternative

congruent models.

S2.2.2 Likelihood

We also evaluated how the likelihood behaves in relation to the number of grid points that
we used to set up the model. For all models, we used a reference model with speciation and
extinction defined on a 100-sized grid. We defined the alternative model as having a constant
extinction rate of y/(t) = 0.1. When calculating r,(t), and calculating the alternative X' (t), we

used a grid of varying size, from 100 up to 10000. First, we solved the differential equations:

dgit) = u(t) — E(t)(A(t) + u(t) + E(t)*A(t)
dM(t) (S2.3)
o = MOAOEG -1)

where E(t) is the probability that a lineage at time ¢ either went extinct before the present,
or did not get sampled. M (t) is the total number of lineages at time ¢ in the reconstructed
phylogeny. The initial conditions are E(0) = 0.33 (67% of described primate species were
sampled at the present), and M (0) = 233 number of tips at the present. We follow Louca and
Pennell (2020b) in calculating the log likelihood, conditioning upon that at least two lineages

must have survived to the present:

log (L) = 2log(M(11)) ~ (n+1) x log(M(0)) + " log (- ddif DI (82.4)
i=2 ¢
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Figure S2.1: The deterministic lineage-through-time (dLTT) for two congruent models generated using a
range of number of time points on the grid. If the transformation worked, i.e., we obtained truly another
diversification rate model within the same congruence class, then the dLTT must be identical. We computed
the dLTT curves using TESS (Hohna et all 2016b). The dotted line represents the reference model (i.e. the
dLTT based on the posterior median speciation and extinction rate estimates for the Primates phylogeny),
where we used 1000 time points. The solid lines depict congruent models where we proposed a new extinction
rate 4/ (t) = 2 x sup(A(t)) — A(t), and inferred the congruent speciation rate. The proposed models approach
the dLTT of the reference model as the number of time points increase. 500 and 1000 time points are nearly
indistinguishable.

where t; is the time of the oldest branching event (the root), and ¢; are the times of the
subsequent branching events. The likelihood comparisons between the reference and the al-
ternative model can be seen in If two models are truly congruent, they should have
exactly the same likelihood. The likelihood comparison between the two models at 100 time
points is rather small (left-most dot), however there is substantial error with few number of
time points. As we increase the number of time points, the error decreases. Although the
likelihoods appear to converge, there is some fluctuation around zero, meaning the likelihoods

are not quite stable for the dynamically changing primates model.
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Figure $2.2: Comparison of the log likelihood between the primate reference model (main text [Fig. 2.1), and
an alternate model where we proposed a new extinction rate of u’(t) = 0.1. We used an equally-spaced vector
going from 0 to the tree height for the time grid, with number of time points varying from 100 up to 10000.
The inset is a cut-out of the likelihoods for more than 2000 time points. We used CRABS to compute r,(¢) and
X (t), and calculated the likelihood as described in the text.
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Supplementary Material for Chapter 3

S3.1 Extended datasets

In this section we plot the estimated reference model and summary of the directional trends
for an additional nine datasets. These datasets provide more empirical examples about the
robustness of estimated diversification patterns and trends within the congruence class. In
addition to the trends in speciation rate, we also plot the trends in the net-diversification
rate for the congruent models. Overall, the results corroborate our main findings in the main
text: (1) sharp diversification rate changes are robust and unambiguously supported, (2)
trends in the near-present show the strongest conflicting signal, and (3) reference models with
comparably flat diversification rates provide ambiguous signal within the congruence class.
We first plot the figure from the main text, with the added information of the trends in
the net diversification rate . For the additional empirical examples, we chose to

first include the finches (Fringillidae), manakins (Pipridae), and the most species-rich family

of tubenose birds (Procellariidae) (Fig. S3.2)). In|Fig. S3.3| we depict the equivalent congruent

models for another three families: mice (Muridae), white-eyes birds (Zosteropidae), and the
evening primroses (Onagraceae). The diversification histories of the indigobirds, whydahs,
and the cuckoo-finch (Viduidae), the New World warblers (Parulidae), and free-tailed bats
(Molossidae) are comparatively more recent and their rates change more abruptly .
For this reason, we assessed the directional trends with a more conservative threshold of
€ = 0.08 rate units per million years . The tree for the evening primroses was taken
from Freyman & Hohna Freyman and Hohnal (2019)), while the remaining trees were taken
from Condamine et al. |Condamine et al. (2019).

The significant directional trends in the speciation rates are consistent across the con-

gruence class when the slope of the speciation rate is steep (Figs. S3.2| to[S3.4). When the

speciation rate is shallow, it is trivial to construct a model that is in disagreement with the

reference model.
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Figure S3.1: A summary of the congruence class for three bird families: New World/African true parrots
(Psittacidae), tyrant flycatchers (Tyrannidae), and woodpeckers (Picidae). This figure is equal to the main
text figure, except it also includes the trends in the net-diversification rates of the congruent models. The top
row depicts the posterior median and 95% credible interval speciation and extinction rates, for the episodic
birth-death models implemented in RevBayes. The two bottom panels depict summaries of directional trends
in the congruence class, where each row is a model. The models include alternative extinction rates that are
constant (C), exponentially increasing (I), exponentially decreasing (D), modal (M1-M3), HSMRF-distributed
(horseshoe Markov random field), and the reference model (*). If the slope of the rate function is greater than
the threshold e (in rate units per million years), or less than —e, we say that the function is increasing, or
decreasing, respectively.
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Figure S3.2: A summary of the congruence class for three bird families: finches (Fringillidae), manakins
(Pipridae), and the most species-rich family of tubenoses (Procellariidae). The top row depicts the posterior
median and 95% credible interval speciation and extinction rates, for the episodic birth-death models imple-
mented in RevBayes. The two bottom panels depict summaries of directional trends in the congruence class,
where each row is a model. The models include alternative extinction rates that are constant (C), exponentially
increasing (I), exponentially decreasing (D), modal (M1-M3), HSMRF-distributed (horseshoe Markov random

field), and the reference model (*).

If the slope of the rate function is greater than the threshold e (in rate

units per million years), or less than —e, we say that the function is increasing, or decreasing, respectively. We
used a threshold of € = 0.01 for the finches and manakins, and € = 0.005 for the tubenoses.
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Figure S3.3: A summary of the congruence class for three families: mice (Muridae), white-eyes birds (Zos-
teropidae), and the evening primroses (Onagraceae). The top row depicts the posterior median and 95%
credible interval speciation and extinction rates, for the episodic birth-death models implemented in RevBayes.
The two bottom panels depict summaries of directional trends in the congruence class, where each row is a
model. The models include alternative extinction rates that are constant (C), exponentially increasing (I),
exponentially decreasing (D), modal (M1-M3), HSMRF-distributed (horseshoe Markov random field), and the
reference model (*). If the slope of the rate function is greater than e = 0.02 (in rate units per million years),
or less than —e¢, we say that the function is increasing, or decreasing, respectively. For the evening primroses,
we added a constant of 0.3 such that p'(t) = u(t) + 0.3 for all proposed extinction rates. This accommodates
their overall higher diversification rates, and prevents artifacts in the near-present due to the congruence class
requiring Ag to be equal across all models.
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Figure S3.4: A summary of the congruence class for three families: indigobirds, whydahs, and the cuckoo-
finch (Viduidae), the New World warblers (Parulidae), and free-tailed bats (Molossidae). The top row depicts
the posterior median and 95% credible interval speciation and extinction rates, for the episodic birth-death
models implemented in RevBayes. The two bottom panels depict summaries of directional trends in the con-
gruence class, where each row is a model. The models include alternative extinction rates that are constant
(C), exponentially increasing (I), exponentially decreasing (D), modal (M1-M3), HSMRF-distributed (horse-
shoe Markov random field), and the reference model (*). If the slope of the rate function is greater than
€ = 0.08 (in rate units per million years), or less than —e, we say that the function is increasing, or decreasing,
respectively. For the Viduidae, we added a constant of 0.25 such that u'(t) = p(t) + 0.25 for all proposed
extinction rates. This accommodates their overall higher diversification rates, and prevents artifacts in the
near-present due to the congruence class requiring A¢ to be equal across all models.
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S3.2 Detailed exploration of the congruent models for three

empirical datasets

In this section we plot the extended constructed congruent models set for the for the New
World /African true parrots , the tyrant flycatchers , and the woodpeckers
(Fig. S3.7)). That is, we show the alternative rate functions within the congruence to provide
a more detailed picture of the congruence class. These alternative rate functions were used in
the main text to assess the robustness of the inferred diversification rate trends.

Most of the woodpecker alternative models exhibit the same three major trends in the
woodpecker speciation history: an increase around 25 Ma, and another increase around 18
Ma, and a decrease starting around 8 Ma . All alternative models within the
congruence class agree on the overall signal of two increases, which is consistent with previous
findings of a burst in speciation for the true woodpeckers (Picinae), and a later increase for the
piculets (Picumninae, Shakya et al., [2017)). Most alternative models show no other significant
trends, with the exception of the modal models. For those, we were able to induce a short-lived
increase, followed by a short-lived decrease in speciation rate M2-M3). Similarly, in
the diversification rates of the flycatcher dataset, there is one strong rate shift at around 40 Ma,
which is unanimously recovered by the congruence class . The parrot diversification
history exhibits relatively constant rates and the alternative models showed conflicting trends
. When the rates are constant, it is trivial to propose an alternative congruent

model that contradicts the diversification pattern of the reference model.
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Figure S3.5: Congruent birth-death models for the New World/African true parrots (Psittacidae), based on
a time-calibrated phylogenetic tree from Condamine et al. (Condamine et al. (2019). Top row: the episodic
birth-death model fitted in RevBayes, where the posterior median is in black, and the 95% credible interval in
grey. The left panel exhibits models that are constructed by proposing alternative extinction rates. The right
panel exhibits models that are constructed using alternative speciation rates. Each color-shade pair is one
model: for example dark orange and dark blue. All models have the same likelihood. Included extinction rate
shapes are exponentially increasing, exponentially decreasing, and a modal extinction event. The speciation
rate shapes are linear increases, an instantaneous up-shift, and an instantaneous down-shift. We also proposed
rates that are randomly drawn from the horseshoe Markov random field (HSMRF) distribution.
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Figure S3.6: Congruent birth-death models for the tyrant flycatchers (Tyrannidae), based on a time-
calibrated phylogenetic tree from Condamine et al. [Condamine et al.| (2019). Top row: the episodic birth-death
model fitted in RevBayes, where the posterior median is in black, and the 95% credible interval in grey. The
left panel exhibits models that are constructed by proposing alternative extinction rates. The right panel ex-
hibits models that are constructed using alternative speciation rates. Each color-shade pair is one model: for
example dark orange and dark blue. All models have the same likelihood. Included extinction rate shapes are
exponentially increasing, exponentially decreasing, and a modal extinction event. The speciation rate shapes
are linear increases, an instantaneous up-shift, and an instantaneous down-shift. We also proposed rates that
are randomly drawn from the horseshoe Markov random field (HSMRF) distribution.
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Figure S3.7: Congruent birth-death models for the tyrant woodpeckers (Picidae), based on a time-calibrated
phylogenetic tree from |(Condamine et al.| (2019)). Top row: the episodic birth-death model fitted in RevBayes,
where the posterior median is in black, and the 95% credible interval in grey. The left panel exhibits models that
are constructed by proposing alternative extinction rates. The right panel exhibits models that are constructed
using alternative speciation rates. Each color-shade pair is one model: for example dark orange and dark blue.
All models have the same likelihood. Included extinction rate shapes are exponentially increasing, exponentially
decreasing, and a modal extinction event. The speciation rate shapes are linear increases, an instantaneous
up-shift, and an instantaneous down-shift. We also proposed rates that are randomly drawn from the horseshoe
Markov random field (HSMRF) distribution.
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S3.3 Evaluating alternative trend thresholds

In the main text, and following (Hohna et al., [2022)), we proposed to assess the trends in

the rate functions using the slope of the rate function. The slope is a continuous parameter,
however, and can be a challenge to interpret. We chose to set a threshold of € rate units per
Ma, where if the slope was above the threshold, we considered the function to be significantly
increasing (and analogously for decreasing rates). The choice of threshold is to some extent
arbitrary. How much is a significant increase or decrease in the rate function? Choosing a
threshold too small can result in picking up every small change , and the trends
will be difficult to interpret. Choosing a too large threshold will result in almost
no changes being considered at all, and we are left with a blank, informationless figure. We
recommend the researcher to test a few different thresholds that are suitable for their analysis,

dataset, and relevant time scale.
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Figure S3.8: Congruent birth-death models for the tyrant woodpeckers (Picidae), based on a time-calibrated
phylogenetic tree from Condamine et al. (Condamine et al., [2019), with a different threshold value € to assess
diversification rate trends. Top row: the slope of the speciation rate: AX; = (A\; — A\i—1)/At. The dashed red
line indicates the threshold value of € = 0.01 rate units per Ma. Bottom row: a summary of whether each A\
is decreasing, increasing, or flat, as indicated by the threshold value. The extinction rate names are shortened,
C: Constants, I: Increasing, D: Decreasing, M1-M3: Modals, HSMRF: horseshoe Markov random field, *: the
reference model.
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Figure S3.9: Equivalent to [Fig. S3.8] however with a different threshold of € = 0.02 rate units per Ma. This
threshold is the one we used for all other analyses and figures, unless otherwise specified.
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Figure S3.10: Equivalent to [Fig. S3.8/and [Fig. S3.9] however with a different threshold of e = 0.05 rate units
per Ma. We did not use this threshold for any other analyses.
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S3.4 Posterior samples

In this section we plot the first twenty samples from the posterior distribution that
we used for the analyses in the main text . This gives an indication of how variable
the main temporal patterns in the rates are. For example, we can see that the samples from
the woodpecker (Picidae) analysis largely display a strong increase in speciation rate, but the
timing of when the first shift happened is uncertain, between 35 and 15 Ma bottom
left panel). For this reason, we used a larger temporal window to calculate the directional
trends from the posterior-distribution analyses, as opposed to the analyses using the posterior
median. We computed the directional trend as AXN; = (A; — Ai—g)/(ti — ti—x), where k is the
window size. In we show how different choices of window sizes (k € 10,25, 55, 80)

impact how the directional trends are portrayed.

Picidae Psittacidae Tyrannidae
0.6 1
0.4 1 m
Py
=
2
0.2 S
L 0.0
]
X 0.6 P
0.4 A v
9]
(9]
=
0.2 S
0.0 1

80 60 40 20 0 20 10 O 60 40 20 O
Time (Ma)

Figure S3.11: Speciation and extinction rate trajectories for the first twenty posterior samples used in
assessing the trends in the congruence class when we take into consideration the uncertainty of the posterior

estimates (main text [Fig. 3.3).
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Figure S3.12: Directional trends in the speciation rate under 110 equidistant samples from the posterior
distribution. Equal to main text except with a variety of choices for the window size k, used when
computing the slope in the speciation rate (AX; = (Ai — Xi—k)/(ti — ti—k))).

S3.5 Convergence assessment

In this section we assess whether the Markov chain Monte Carlo (MCMC) simulation converged
for the three datasets used in the main text: the parrots (Fig. S3.13|), the tyrant flycatchers

(Fig. S3.14), and the woodpeckers (Fig. S3.15). We plot the speciation and extinction rate
estimates for each replicate run (Fig. S3.13|right), (Fig. S3.14|right) and (Fig. S3.15|right), and

we perform the Kolmogorov-Smirnov (KS) test to assess whether the samples drawn from the
posterior are reproducible across replicates. The KS-test is a measure of whether the samples
could be considered to be drawn from the same underlying distribution, that is, the MCMC
sampler has converged to the same posterior distribution (Fabreti and Hohna, 2022). For two
equally distributed random variables, with 625 independent samples from each, we expect the
KS-test to be false positive (D > Deyiy = 0.09) in 1% of repeated comparisons (Fabreti and
Hohnay, 2022)). Our computed KS scores are well below D, which indicates that our samples

have converged. The posterior median and credible intervals are similar to the across all four

replicates for the woodpeckers, the tyrant flycatchers, and the parrots (Figs. S3.13|to[S3.15]).

For the analyses presented in the main text and otherwise in the supplementary materials,
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we pooled the four runs by concatenating the samples before computing the posterior medians
and the credible intervals. This ensures more precise estimates in comparison to using each
replicate individually. We conclude that our MCMC simulations converged towards the same
parameter space and that our posterior median estimates are sufficiently precise for identifying

the main time-varying patterns in the model.
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Figure S3.13: Convergence assessment for the New World/African true parrots, where we fitted an episodic
birth-death model with a HSMRF (horseshoe Markov random field) distribution to model temporal autocor-
relation in the rates. The analysis was performed in RevBayes with four replicates. We discarded the first
5000 iterations as burnin, ran the MCMC for another 50,000 iterations, and sampled every 10 iterations. The
pairwise Kolmogorov-Smirnov test is an assessment of whether the two set of samples are drawn from the
same distribution. Since we have D < Dt = 0.09 (dashed red line), our replicates are similar, and the runs
converged.
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Figure S3.14: Convergence assessment for the tyrant flycatcher analysis, where we fitted an episodic birth-
death model with a HSMRF (horseshoe Markov random field) distribution to model temporal autocorrelation
in the rates. The analysis was performed in RevBayes with four replicates. We discarded the first 5000
iterations as burnin, ran the MCMC for another 50,000 iterations, and sampled every 10 iterations. The
pairwise Kolmogorov-Smirnov test is an assessment of whether the two set of samples are drawn from the
same distribution. Since we have D < Dcit = 0.09 (dashed red line), our replicates are similar, and the runs
converged.



160 B. Supplementary Material for Chapter 3

Run 1vs Run 2 | | Run1vs Run3 | | Run 1vs Run 4 Run1 | | Run 2
------------------------------------ 0.5
0.075 Extinction rate 04 Extinction rate
—— Speciation rate — Speciation rate
0.050 03
o)
o} 0.2
g
5 0.025
e 0.1
-
7]
2 0.000 0.0
3 )
c Run 2vs Run 3 | | Run 2 vs Run 4 | | Run 3vs Run 4 | E Run 3 | | Run 4
=
({) 0.5
8 0.075 04
5 .
[sJ
£
£ 0.3
© 0.050
X
0.2
0.025
0.1
0.000 0.0
20 10 0 20 10 0

100 75 50 25 0100 75 50 25 0100 75 50 25 O
episode time before present (Ma)

Figure S3.15: Convergence assessment for the woodpecker analysis, where we fitted an episodic birth-
death model with a HSMRF (horseshoe Markov random field) distribution to model temporal autocorrelation
in the rates. The analysis was performed in RevBayes with four replicates. We discarded the first 5000
iterations as burnin, ran the MCMC for another 50,000 iterations, and sampled every 10 iterations. The
pairwise Kolmogorov-Smirnov test is an assessment of whether the two set of samples are drawn from the
same distribution. Since we have D < Dcit = 0.09 (dashed red line), our replicates are similar, and the runs
converged.
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S3.6 Congruent speciation rates are more constrained than ex-

tinction rates

In the main text, and elsewhere in the supplementary material, we assess how the trends
in rates are distributed throughout the congruence class. In doing so, we looked at many
different samples of the congruence class. Our general impression was that, when we proposed
speciation rates and inferred extinction rates (A — '), the variation in trends and absolute
rates was greater than the reverse approach (1/ — )’). Due to the restriction that all speciation
rates must be equal at the present (\g) for all models in the congruence class, we suspected
this to be the reason for why the inferred speciation rates were more constrained ()\’) than
the inferred extinction rates (u').

In order to test our suspicion of 4/ being more variable than \’, we simulated rate functions
to generate a large number of congruent model, as can be seen in We selected
a reference model with constant extinction rate (u(¢) = 0.35), and a time-varying speciation
rate that increases sigmoidally through time (A(t) = 0.1+ 0.5/[1 + 0.17¢*"/2] where h is the
total time span). We drew rate functions from three distributions: a Brownian motion, an
Ornstein-Uhlenbeck process, and independently from a lognormal distribution. For example,
we would simulate speciation rates under a Brownian motion ("Proposed A", ,
and set up the congruent models and thereby get the corresponding extinction rate (u').
Next, we calculated the standard deviation among the extinction rate values in the 1000
congruent models, for each period in time, and plot these (SD[x/]). In all of our models,
the variance of the inferred extinction rates (i) is greater than the variance of the inferred
speciation rates ()’), supporting our view that the distribution of speciation rates is more
narrow within the congruence class, compared to extinction rates. Further, the variance of
the inferred speciation rates are smaller at the change-point in the sigmoidal reference model
(where dA/dt in the reference is the greatest). This provides further evidence that a period
of rapid change is a reliable signal, without the need to invoke the topic of trends in rates.
Notice when we proposed extinction rates (u'), we restricted our samples to have a fixed
value at the present (1/(0) = 0.6). When proposing speciation rates, this is necessary for the
models to be congruent (X (0) = )g), however when proposing extinction rates this is not
necessary. We imposed this constraint so as to make both proposal methods comparable. If
we had removed this restriction, for example by drawing the initial value of the Brownian
motion from a random distribution, we expect the variance of the corresponding speciation

rates (¢’ — )'), and thus the difference between the two approaches, to be even greater.
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Figure S3.16: We set up a hypothetical reference model (top panel) with a sigmoidally increasing speciation
rate (A(t) = 0.1 4 0.5/(1 +0.171F"/2) where h is the total time span), and a constant extinction rate (u(t) =
0.35). In the following rows we proposed rates that were drawn from a Brownian motion (with o = 0.02), an
Ornstein-Uhlenbeck process (with o = 0.05, « = 0.5, § = 0.6), and rate values drawn independently from a
lognormal distribution (with mean = 0.6, logsd = 0.05). For all proposals we set the initial value at ¢ = 0 equal
to 0.6. The exact rate proposals are not shown, however we show the corresponding rates of models that are
congruent to the reference model (1 and \'). We also show the standard deviation (SD) of the inferred rates,
for each time interval. When we proposed alternative extinction rates (u’) and inferred the corresponding
speciation rate ()\’), the standard deviation is always smaller than the reverse (proposing A’ and inferring u’).
Further, the inferred speciation rates are less varied at the shift in the sigmoidal reference function (where d/dt
is the smallest), compared to the neighbouring regions in time. The Brownian motion diverges unbounded
backwards in time, so we expect to see increasing variance with time. The Ornstein-Uhlenbeck process is in an
equilibrium state, and so we expect the variance of the inferred rates not to vary with time. The independent
lognormal draws also do not vary systematically with time. We show fifteen sampled rate functions, however
to compute the variance we used a more extensive sample of 1000 rate functions for each configuration. We
used a piecewise-linear function with 500 time points to represent the rate functions. *: Note the altered y-axis
limits.
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S3.7 Hypothetical models: alternative extinction rate

In the main text we showed three hypothetical diversification histories, and we pro-
posed eight alternative categories of rate shapes that we used to construct congruent models.
An extended version of can be found in where we also show the trends
in the net-diversification rate. In this section we expand the three classes to eight sets of
congruent models . In all cases we used a constant extinction rate of u = 0.28.
These congruent models exhibit a variety of inferred speciation rate trajectories, which we
depict in this section (Figs. S3.19|to [S3.26|). For all datasets that show a rapid change in the

speciation rate in the reference model, then all alternative models also show the same rapid

change in speciation rates as shown by our assessment of directional trends. Conversely, if
the reference speciation rate does not show a directional trend (i.e., the rate is approximately
constant), then either the alternative speciation rates also showed no directional trend or the
trends among alternative models were in disagreement.

We observed the strongest disagreement of trends for the speciation rate intervals near the
present, especially for the constant reference model. The conflicting trends correspond directly
to the scale of the proposed extinction rate relative to the reference speciation rate (A = 0.35,
panel C). The proposed extinction rates that are larger than the reference extinction rate
i = 0.28 at the near-present (rates L+, S+, E+, and some constant rate functions) infer

models with decreasing speciation rates near the present (Fig. S3.18| panel C and |[Fig. S3.19)).

Conversely, proposed extinction rates that are at present smaller than g = 0.28 infer models
with increasing speciation rates near the present panel C and . Similar
patterns can be seen at the near-present for all of the other congruence classes
to . As we observed in our empirical datasets, if the reference speciation rate model was
constant, then we observe no fully supported trends in the congruence class panel
C). We see that models with moderate speciation rate changes do not show shared patterns
across the congruence class (panels L+, L—). Reference models with rapidly changing rates
show unambiguous agreement for their correspond trend at the shift time (panels S+, S-).
The robustness of the trends regarding the congruence class weakens when the rate change is
less steep (panels M, E+, E-).

The overall results of the hypothetical cases confirm the conclusions from the empirical
datasets: changes that happen slowly over time are not robust to the congruence class. How-

ever, changes that happen abruptly in a small time window are indeed robust.
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Figure S3.17: This figure corresponds to the main text |[Fig. 3.3 except we have added a third row of panels,
where we also show the trends in the net-diversification rates in the sample of the congruence class (A(t) — u(t)).



S3.7 Hypothetical models: alternative extinction rate 165

OIO- T T T T T L T T T T T L T T T T T L T T T T T
o " Jo L = qo . T o i -
is v is ! is \ is =

T | I I I I I/ 1 1
s 1. E I ‘W E I E I i
- I L I I B 12 L I 1 1
Eu EW = EW EW
iR r P
4, T ~ H ¥,
gé- T T T T gé- T T gé- T T T T gé- T l-' T T
L+ L- E+ E-
0.81 1 1 1
0.6 1 1 1 1
o
T 0.4+ 1 1 T
24

| | 1\

0.0 1 1 1
Jo T 9o = Jo T Jo]lR -
is v is ' s Bl Decreasing is
= l = . = Flat | = .

% = - . Increasing . ‘-..
3 I | = 0 = I E ak
s = E n E n E n
TR F T ol 8
: T i I i 1 i T
Eél T T T T Eél' T T U T Eél T T T T E h
80 60 40 20 O 80 60 40 20 O 80 60 40 20 O 80 60 40 20 O
Time (Ma) Time (Ma) Time (Ma) Time (Ma)

Figure S3.18: A collection of hypothetical scenarios. Each panel-pair represents a separate congruence
class. The reference model for the congruence class is the speciation rate depicted in blue, and in all cases a
constant extinction rate of u = 0.28. For each congruence class, we proposed various alternative extinction
rates: constants (C), modals (M), sigmoidal increase (S+), sigmoidal decrease (S—), linear increase (L+), linear
decrease (L—), exponential increase (E+) and exponential decrease (E-). Each congruence class results in a set
of models with inferred speciation rate curves (Figs. 93.19| to[S3.26)). We computed the significant directional
trends for the inferred speciation rates (with a threshold of € = 0.02 rate units per Ma) for each congruence
class. We selected a time scale similar to the woodpecker phylogeny for interpretability.
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Figure S3.19: Hypothetical rate scenarios for the constant birth-death model in The reference
model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a constant speciation
rate function corresponding to C, red line). Five alternative extinction rates are proposed in each
row, including constants (C), modals (M), linear increase (L+), linear decrease (L-), sigmoidal increase (S+),
sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-). The right column depicts
the congruent speciation rates.
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Figure S3.20: Hypothetical rate scenarios for the modal birth-death model in The reference
model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a modal speciation rate
function corresponding to M, red line). Five alternative extinction rates are proposed in each
row, including constants (C), modals (M), linear increase (L+), linear decrease (L-), sigmoidal increase (S+),
sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-). The right column depicts
the congruent speciation rates.
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Figure S3.21: Hypothetical rate scenarios for the sigmoidally increasing birth-death model in
The reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a sigmoidally
increasing speciation rate function corresponding to S+, red line). Five alternative extinction
rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear decrease
(L), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease
(E-). The right column depicts the congruent speciation rates.
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Figure S3.22: Hypothetical rate scenarios for the sigmoidally decreasing birth-death model in
The reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a sigmoidally
decreasing speciation rate function corresponding to S—, red line). Five alternative extinction
rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear decrease
(L), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease
(E-). The right column depicts the congruent speciation rates.
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Figure S3.23: Hypothetical rate scenarios for the linearly increasing birth-death model in The
reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a linearly
increasing speciation rate function corresponding to L+, red line). Five alternative extinction
rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear decrease
(L), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease
(E-). The right column depicts the congruent speciation rates.
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Figure S3.24: Hypothetical rate scenarios for the linearly decreasing birth-death model in The
reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and a linearly
decreasing speciation rate function corresponding to L-, red line). Five alternative extinction
rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear decrease
(L), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease
(E-). The right column depicts the congruent speciation rates.
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Figure S3.25: Hypothetical rate scenarios for the exponentially increasing birth-death model in
The reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and an ex-
ponentially increasing speciation rate function corresponding to E+, red line). Five alternative
extinction rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear
decrease (L—), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential
decrease (E-). The right column depicts the congruent speciation rates.
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Figure S3.26: Hypothetical rate scenarios for the exponentially decreasing birth-death model in
The reference model is depicted in black in all panels: a constant extinction rate (u = 0.28), and an exponen-
tially decreasing speciation rate function corresponding to E-, red line). Five alternative extinction
rates are proposed in each row, including constants (C), modals (M), linear increase (L+), linear decrease (L—),
sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-).
The right column depicts the congruent speciation rates.



174 B. Supplementary Material for Chapter 3

S3.8 Hypothetical models: alternative speciation rate

In the previous section, we explored hypothetical models where we proposed alternative extinc-
tion rate functions. In this section, we set up hypothetical models where we instead propose
alternative speciation rate functions. As discussed in the main text, there is an additional
constraint to be considered when proposing speciation rate functions. Namely, the specia-
tion rate at the present (Ag) must be equal for all models in the congruence class. Since we
could not vary the constant-rate model with different intercepts according to this constraint,
we omitted this group of rate functions. In all seven congruence classes, we constructed a
reference with constant speciation rate (A = 0.28), and for the extinction rate the red tra-
jectories seen in . Next, we proposed a variety of speciation rate trajectories,
including a modal event , sigmoidally increasing , sigmoidally decreas-
ing , linearly increasing , linearly decreasing , exponentially
increasing , and exponentially decreasing .

In comparison to our empirical examples, we were able to propose more valid alternative
speciation rate functions (that did not result in negative extinction rate functions). This may
be due to our reference extinction rates red lines) being larger than those estimated
from our empirical datasets, and thus there is more room for variation in the extinction rate
before it goes negative. Note that we used a constant reference speciation rate, and because
all models have the same )y, the linear and exponentially increasing alternative speciation
rate functions (L+ and E+) as well as the up-shift (sigmoidal, S+) produce necessarily lower

alternative speciation rate functions.
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Figure S3.27: A collection of hypothetical models. Each panel-pair represents a separate congruence class.
The reference model for the congruence class is the extinction rate depicted in red, and in all cases a constant
speciation rate of A\ = 0.28. For each congruence class, we proposed various alternative speciation rates: modals
(M), linear increase (L+), linear decrease (L—), sigmoidal increase (S+), sigmoidal decrease (S—), exponential
increase (E+4) and exponential decrease (E-). Each congruence class results in a set of models with inferred
speciation rate curves (See[Figs. S3.28|to[S3.34). We computed the significant directional trends for the inferred
extinction rates (with a threshold of € = 0.02 rate units per Ma) for each congruence class. We selected a time
scale similar to the woodpecker phylogeny for interpretability.
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Figure S3.28: Hypothetical rate scenarios for the modal birth-death model in The reference
model is depicted in black in all panels: a constant speciation rate (A = 0.28), and a modal extinction rate
function corresponding to M, red line). Five alternative speciation rates are proposed in each row,
including modals (M), linear increase (L+), linear decrease (L), sigmoidal increase (S+), sigmoidal decrease
(S-), exponential increase (E+), and exponential decrease (E-). The right column depicts the congruent
extinction rates.
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Figure S3.29: Hypothetical rate scenarios for the sigmoidally increasing birth-death model in
The reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and a sigmoidally
increasing extinction rate function corresponding to S+, red line). Five alternative speciation rates
are proposed in each row, including modals (M), linear increase (L+), linear decrease (L), sigmoidal increase
(S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E—). The right column
depicts the congruent extinction rates.
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Figure S3.30: Hypothetical rate scenarios for the sigmoidally decreasing birth-death model in
The reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and a sigmoidally
decreasing extinction rate function corresponding to S—, red line). Five alternative speciation rates
are proposed in each row, including modals (M), linear increase (L+), linear decrease (L), sigmoidal increase
(S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E—). The right column
depicts the congruent extinction rates.
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Figure S3.31: Hypothetical rate scenarios for the linearly increasing birth-death model in The
reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and a linearly
increasing extinction rate function corresponding to L+, red line). Five alternative speciation
rates are proposed in each row, including modals (M), linear increase (L-+), linear decrease (L-), sigmoidal
increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-). The right
column depicts the congruent extinction rates.
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Figure S3.32: Hypothetical rate scenarios for the linearly decreasing birth-death model in The
reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and a linearly
decreasing extinction rate function corresponding to (Fig. S3.27, L—, red line). Five alternative speciation
rates are proposed in each row, including modals (M), linear increase (L-+), linear decrease (L-), sigmoidal
increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-). The right
column depicts the congruent extinction rates.
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Figure S3.33: Hypothetical rate scenarios for the exponentially increasing birth-death model in
The reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and an ex-
ponentially increasing extinction rate function corresponding to E+, red line). Five alternative
speciation rates are proposed in each row, including modals (M), linear increase (L+), linear decrease (L-),
sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-).
The right column depicts the congruent extinction rates.
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Figure S3.34: Hypothetical rate scenarios for the exponentially decreasing birth-death model in
The reference model is depicted in black in all panels: a constant speciation rate (A = 0.28), and an ex-
ponentially decreasing extinction rate function corresponding to E—, red line). Five alternative
speciation rates are proposed in each row, including modals (M), linear increase (L+), linear decrease (L-),
sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase (E+), and exponential decrease (E-).
The right column depicts the congruent extinction rates.
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S3.9 How steep is sufficiently steep?

In the main text and supplement we argued that the directional trends in the rates are robust
to the congruence class, if the rate is sufficiently steep. We showed examples using various
visualizations of different rate shapes. However, how steep is sufficiently steep in order for the
signal to be robust to the congruence class? In we examine five reference models
where the minimum slope of the speciation rate function varies in two orders of magnitude,
from —0.150 to —0.006 speciation rate units per million years. For the steepest model, we see
agreement among the congruent models if we select a threshold of € < 0.04. In the next, less
steep model (d\/dt = —0.059), we see agreement only if we select a threshold of ¢ < 0.02.
If we select too large a threshold, then the agreement among congruent models disappears.
If we examine a model that is more shallowly changing (d\/dt = —0.006), then there is no
agreement whatever the selection of thresholds. Note that, even though the slope of the next-
shallowest model (dA/dt = —0.013) is steeper than the smallest threshold (e = 0.01), there is
still not consensus among the congruent models.

In our selection, it appears that we need a slope at or less than d\/dt = —0.028 in order
to have consensus among the congruent models. This is, however, based on a limited set of
examples, whereas the function space for birth-death models is infinitely large. The answer to
the question, "how steep is sufficiently steep?", may change depending on timing of the shift,
on the extinction rate (here set to p(t) = 0.28), or on more recent, auxiliary time-variation
in the speciation rate. Nevertheless, it remains a fact that rapidly changing rates are more
agreed upon by the trends in the congruent models, as opposed to those for gradually changing

rates.
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Figure S3.35: The top row depicts five reference models, each of which corresponds to its column. The
reference models have a sigmoidally increasing speciation rate (A(t) = 0.1 4+ 0.5/(1 + s~ *7"/2), where h is
the tree height and s € {0.3,0.625,0.8,0.9,0.95} is the steepness coefficient). All of the reference models
have an extinction rate of u(t) = 0.28. We plotted the steepest part of the speciation rate curve as a black
dot, and display the minimum slope on the top (e.g. d\/dt = —0.150). The subsequent five rows show the
significant directional trends in congruent speciation rates. We sampled the congruence class by proposing
alternative extinction rate functions. The proposal rate shapes include constants (C), modals (M), linear
increase (L+), linear decrease (L), sigmoidal increase (S+), sigmoidal decrease (S—), exponential increase
(E+), and exponential decrease (E-). For steep speciation rates (A(¢)), and/or a small significance threshold
for the trends (¢), there is consensus among the trends for the timing of the rate shift. For a more shallowly
increasing reference model, or if a larger threshold is used, then the agreement among trends becomes unclear
or disappears.
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Supplementary Material for Chapter 4

S4.1 Statistical inference of ancestral diversification rates

Statistical inference of ancestral diversification rates under the birth-death-shift process poses
some interesting questions. We note that several previous approaches that used an underlying
stochastic process used a Bayesian statistical inference framework (Rabosky| 2014; Barido-
Sottani et al., [2020; Hohna et al., [2019; Martinez-Gomez et al.l 2024), or at least claimed to
be doing so.

The simplest possible Bayesian inference problem can be depicted like so where the state

of the random variable A influences the state of the random variable B. Using Bayes theorem

we can pose the question, “what is the probability of A, given that we know B?”

Likelihood Prior

Posterior ,—/T ,—/E
Br(A|B) = DBl X Pr(4) (S4.1)

Pr(B)

——
Marginal Likelihood

Here, the prior probability reflects the strength of belief in A before observing B, and the
likelihood function tells us the probability of observing B given A. When more complex hier-
archical models are considered, for example B < A — C|, they are referred to more generally
as Bayesian belief networks (Pearl, |1988). Bayesian networks that represent the splitting be-
haviour of a phylogeny are well established in macroevolution (e.g. |Felsenstein, 1981; Pagel,
1994; Yang et al., [1995; [Lewis| 2001; [Hohna et al., 2014]). There is also a generalized version
of Bayes theorem for trees (Pearl, |1982), which we can use to ask questions such as “what is
the probability of an internal node A given my observations?” Despite this, we argue that

Bayesian inference is not well understood in the context of birth-death-shift models.
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If we are interested in Bayesian estimates of ancestral diversification rates under the birth-
death-shift process, we must represent the process as a Bayesian network. Conceptually, we
would like to know the probability of a hypothesis Z, representing a specific diversification
rate history, given that we know the phylogeny ¥. In the next two sections, we discuss two
problems that arise when we attempt to represent the birth-death-shift process as a Bayesian
network. In the first approach, we are not able to separate the diversification rate history
Z from the phylogeny ¥. In the second approach, the “evidence” provided by the phylogeny
is not encoded in the same way as for standard Bayesian networks. These two problems
imply that the probabilistic representation of the birth-death-shift process is incompatible with
established theory on Bayesian networks ([Pearl, [1988; |Russell and Norvig, |2010). Nevertheless,
we provide a probabilistic method for inferring ancestral diversification rates that is inspired
by Bayesian inference of ancestral discrete characters (Yang et al., |1995; Nielsen), 2002). Due
to the incompatibilities, we describe our approach as being “pseudo-Bayesian”, highlighting

that our analysis is motivated by Bayesian inference.

S4.1.1 Problem 1: Branch rates and phylogeny are not separable

log-normal discretization

Figure S4.1: Bayesian network of the birth-death-shift model as used in Pesto. The network contains a node
that is partially observed. This node is a stochastic variable representing the outcome of the birth-death-shift
process. The node is partially shaded, meaning that we observe the reconstructed phylogeny ¥, but we do not
observe the diversification rate shift history Z. The A and [1 parameters control the scale of the speciation and
extinction rates, the number H controls the spread of the log-normal distribution, n represents the number
of rate class discretizations, n is the diversification shift rate, p is the taxon sampling fraction, and 7 are the
prior probabilities of the diversification rate categories at the root node. In Pesto, we estimate 5\, [ using the
lineage-homogeneous birth-death process, and we estimate 7 using the birth-death-shift process, while we use
a priori fixed values for H, n, p.

Finding Bayesian estimators of branch-specific diversification rates on a phylogeny requires
us to define what the hypothesis is and what the observation is. This is where the challenge for

statistical inference of branch-specific diversification rate estimation arises. The hypotheses
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that we are most interested in, concerns what the ancestral diversification rates were, including
the possibility that different clades were diversifying at a different pace (Hohna et al} [2019). If
we simulate under a birth-death-shift process, then a realization is a specific phylogenetic tree
¥, including the history Z (Fig. S4.1)). The phylogeny and the diversification rate history are
linked, and it is not possible to separate the one from the other. With empirical phylogenies,
however, the history of the rate shift events on the phylogeny are not recorded. This means
that the process is only partially observed (hence the partially shaded node in .
Thus, we are trying to infer the unobserved variable Z, and not a variable on which the data
depends. This is incompatible with established theory on Bayesian inference, because there
is no separation between the prior of Z and the likelihood of Z (see also [May and Rothfels,
2023).

S4.1.2 Problem 2: Evidence is not encoded as evidence nodes

Root prior Fixed parameters

™ X, p

Figure S4.2: A graphical model representation of the distribution of the rate categories (circle nodes rep-
resenting stochastic variables) along a three species phylogeny. The square nodes are fixed (they are not
stochastic). The realization of the tree parameter ¥ is represented by the branching structure of the stochas-
tic nodes, as well as the divergence times. What we are interested in calculating, is the probability of the
diversification rate category some node B, conditional on i) the prior probability at the root, ii) the observed
phylogeny, and iii) the fixed model parameters.

Suppose we consider a more specific hypothesis, by asking “what is the diversification rate
on a particular branch and at a particular time?” In order to apply Bayesian statistical infer-
ence on this problem, we need to be able to represent the relationships of the hypothesized
ancestral diversification rate, with respect to the hypothesis at other branches in the tree, or
at the same branch but at a different time. Specifically, we use capital letters R, A, B, ... to
represent the hypothesized diversification rate category at different nodes in the phylogeny
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(i.e., that of the root node, and descendants of the root node). The symbol Z then rep-
resents the set of all the nodes {R, A, B,...}. A graphical representation of the Bayesian
network is shown in where the diversification rate of a descendant B depends on
the diversification rate of its ancestor R.

The difference between the Bayesian network in and that of a standard Bayesian
network lies in how empirical evidence is encoded in the network. Typically, this is encoded
as a specific evidence node (depicted as a stochastic node with gray shading, Hohna et al.
2014), where the node is initialized to for example [1,0,...] (as in BiSSE, [Maddison et al.
2007). However, in the birth-death-shift model, the “evidence” is not encoded by initializing
stochastic nodes in this way. Instead, it is encoded in the topology and branch lengths of the
phylogeny. This encoding of empirical evidence is different to that of established theory on
Bayesian graphical networks (Pearl,|1988). Consequently, it is not possible to pose the question
“what were the ancestral diversification rate categories, given that I know the phylogeny?” as

a Bayesian inference problem, in the same manner as for standard problems.

S4.1.3 Joint probability of ancestral diversification rates

As we have shown, the Bayesian network of the birth-death-shift process is incompatible with
established theory on Bayesian inference. Nevertheless, we attempt to represent the hypothe-
ses about the ancestral diversification rates Z € {R, A, B, ...} in a probabilistic manner. For
the root node R in the phylogeny, the probability depends on the prior probability =. It also

depends on whether or not the root node is a speciation event

T AL, if R is a speciation event
Pr(R=r) = (54.2)

(1 — AtA;) if R is a not speciation event,

where, At)\, is the probability of a speciation event occurring in category r in a small time
interval At, and (1 — At)\,) is the probability of there not being a speciation event in the
interval. Since At is an arbitrarily small constant, the established practice is to simplify AtA,
to A, and to omit 1— At\, entirely (Maddison et al., 2007)). Suppose node R has a descendant
node A, then the probability of A conditionally on R also depends on whether or not A is a

speciation event

D)y (toia)Aa  if A is a speciation event

Pr(A=a|lR=r) = (54.3)

Dy (tola) if A is a not speciation event,

where Da|r(told) represents the rth entry in the solution to the dD/dt differential equation,
when it is initialized to Dy (tyoung) = 1 and Dj-q(tyoung) = 0. Note that [Eq. S4.3| does not
sum to one over A. This is because not all possible outcomes are considered. For example,

the process could have either gone extinct, or ended with two or more lineages (in which case
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node A does not exist).

Eqgs. S4.2] and [S4.3] allow us to write the joint probability of the diversification rate cate-
gories Z € {R, A, B,...}. If we use the shorthand notation Pr(A = a|R = r) = P(a,r), then
the joint probability of the belief network in is

Pr(z) = Pr(r,a,b,c,d) = aPr(r) Pr(a|r) Pr(b|r) Pr(c|b) Pr(d|b), (S4.4)

where « is a normalizing factor such that the joint probability sums to one. If we are inter-
ested in the probability distribution of a node, regardless of the other nodes in the phylogeny,
we would analyze its marginal distribution. There are several methods one could use for
calculating the marginal probabilities. The most common approach is to sample the distri-
bution by Markov chain Monte Carlo simulation (Raboskyl |2014; Barido-Sottani et al., 2020)
or stochastic mapping (Hohna et al., [2019). However, it is not necessary to use MCMC sim-
ulation methods to characterize the marginal distribution. Perhaps the simplest method is
the enumeration method, in which all possible configurations of the Bayesian network are
considered, and their probabilities are summed over (Russell and Norvig, 2010, p. 523). If
we want to calculate the marginal probability of node B using the enumeration method, we

would compute
Pr(B = b|¥) —aZZZZPr ) Pr(alr) Pr(b|r) Pr(c|b) Pr(d|b), (S4.5)
i.e., by marginalizing out the other nodes R, A,C and D. If we separate and move the

summation signs as far to the right as possible, as well as decompose Pr(b|r), it becomes more

clear which part of the equation corresponds to the “likelihood"
Pr(B =b¥) =a) Pr(r) (Z Pr(a\r)> Pr(b|r) (Z Pr(c|b) ) (Z Pr(d!b))
r a d
Pr(B =b¥) =a) Pr(r) (Z Pr(a\r)) Dy, (tr) A (Z Pr(c|b) > (Z Pr(d|b)>,
r a d

likelihood

(S4.6)

meaning the probability of observing the tree descended from node B, conditional on that
B =b. Observe that we introduce a summation sign for each node that we marginalize over.
Therefore, the number of operations scales exponentially with the number of nodes. While this
is not an issue for small Bayesian networks, it quickly becomes a problem for larger networks.
Fortunately, more computationally efficient algorithms exist. Pearl| (1982) demonstrated how
marginal probabilities could be calculated efficiently using a dynamic programming algorithm
(see also |(Gallager, 1962). By efficient we mean that the amount of operations scales linearly

with the amount of nodes in the tree. While we call this algorithm the backward-forward
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algorithm, it is also known as a belief propagation algorithm, a message passing algorithm,
or the sum-product algorithm (Teo et al., 2025). The following product rule describes the

marginal probability of the diversification rate category at node B

Pr(B = b|¥) = o x Pr(UPOV"Ue™ B = p) x Pr(B = p|yUpstream)
(S4.7)

where the phylogeny ¥ has been split into two parts, WDownstream (the part of the tree that
is descended from node B) and WUPSteam (the part of the tree that is not descended from
node B). This product rule is fundamentally based on Bayes theorem, see |Pearl| (1982) for the
original presentation, and (Pearl, 1988, pp. 162-174) for a more in-depth explanation. This

is the same equation as in the main text, it is only the notation that is different

Sj(t) = CtDj(lf)Fj(t). (S4.8)

We emphasize that [Egs. S4.5 to [S4.8] give identical results for the marginal probabilities.

S4.1.4 Inference motivated by Bayesian thinking

Let us now take a step back to assess what type of statistical inference we used to estimate
the ancestral diversification rate categories. We are, in fact, more interested in inferring
these unobserved diversification rate categories than we are interested in any of the other
parameters of the birth-death-shift process. The inference of ancestral (or branch-specific)
diversification rate categories could be considered to be a similar problem to that of ancestral
character estimation (e.g. Yang et al. [1995). The main differences are i) we assumed (perhaps
unjustifiably) that we could characterize the Bayesian belief network of Z conditionally on ¥,
and that ii) the evidence is not encoded as specific evidence nodes in the network. We specify
a prior probability at the root node of the phylogeny, in accordance with our prior beliefs.
The marginal probability of the diversification rate category at some node B is determined
by i) the prior on the root node, ii) the branching structure of the phylogeny, and iii) the
fixed parameters A\, u,7,p. Since the marginal distribution depends on the prior and on
the observation, we intuitively think of it as being a posterior distribution. There is one
challenge, in that the Bayesian network for the birth-death-shift process is not compatible
with standard theory on Bayesian inference (there is no data if the phylogeny is represented
by the Bayesian network structure). Therefore, the joint probability may not
be a rigorous probabilistic representation of the birth-death-shift model. Hence, we suggest
the terms “pseudo-Bayesian inference”, and “pseudo-posterior probability,” indicating that our
approach is motivated by Bayesian inference. Overall, we suggest that Bayesian motivated
analysis is intrinsically consistent, but more research might shed more light on this particular

statistical problem.
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S4.2 Notation

We have tried to use notation that is consistent with the literature history, albeit with a few

exceptions. Scalars are written in plain typeface, and vectors and matrices are in bold. Vectors

are matrices with one column. Transposed vectors are matrices with one row.

Symbol Description
K The total number of rate categories in the model, indexed by 7,5 € {1,2,3,... K}.
M The branch index variable, i.e. M € {1,2,3,...2(ntps — 1)}.
® Element-wise multiplication.
© Element-wise division.
A A vector with elements A, Aa..., \j.
u A vector with elements pu1, pa .. ., 1.
n The shift rate from any category j to any other category .

71 The shift rate from any category j a different category 1.

Q The matrix representation of the shift rates, with —»n on the diagonal elements, and n/(K —
1) on the offdiagonal elements.

E(t) A vector function with elements F;(t). Evaluated at age ¢ in the past, E;(t) gives the
probability of the lineage not being in the sampled taxa at the present (¢ = 0). If there is
complete taxon sampling, then F;(t) is the probability of the lineage going extinct before
the present.

D(t) A vector function with elements D;(t). The elements D;(t) represent the probability
densities of observing the subtending clade at the present given that it is in category j at
age t.

F(t) A vector function with elements Fj(t). Fj(t) is similar to Dj;(t), as in it is a probability
density of observing the subtending clade. It is, however, given conditional on the ancestral
values of Dj(t).

S(t) A vector function with elements S;(t) that represent the marginal probability of being in
category j at time ¢. The elements of S(¢) sum to one.

A(t) A matrix function which when evaluated at time ¢ yields a square matrix of size (K, K).
A(t) determines how the branch probability densities change with time.

P(t,t + At) | A square matrix of size (K, K). P;j is the ith row and jth column of P, and represents the
probability of going from category j to category ¢ in a short time interval from an older
time ¢ to a younger time t + At, conditionally on that the process began in category j at
time t.

N(t) A square matrix of size (K, K). N(t) is the estimator for the number of rate shifts from the
beginning of the branch until time ¢. Zero on the diagonal entries, and with the number
of rate shifts Nij (t) on the offdiagonal.

Table S4.1: A summary and descriptions of the symbols used in the methods section.
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S4.3 Extended methods

S4.3.1 Number of rate shifts

The idea is to calculate how many rate shifts there were along a branch, in the time span of
a small time interval. The time interval must be sufficiently short, such that the assumption
that only event can happen in the time interval is reasonable. We begin by considering the
rate shift probabilities. The transition probability between time ¢ and time £+ 0 is the identity
matrix, i.e. the probability of changing category is zero, and the probability of remaining in

the same category is one:
P(t,t+0) =1 (S4.9)

When using the matrix representation of the transition probabilities, we will follow the nota-
tion of Felsenstein| (2004, page 205), in that the element Pj; is the ith row and jth column
of P, and represents the transition probability of going from category j to category ¢ in the
time interval. P;; in a small time interval (At < 0, going from old to young) is approximately
(Hohna et al., 2019)

Py(t,t + At) = Fj;(t,t + At)D;(t + At), (S4.10)

where F;; has been initialized as 1 in category j, and as 0 in all other categories ¢ # j. Hence,
Fij(t,t+ At) is

1 — At[—(\j + gy +n0) + 20 E;(1)], ifj=i

0— At gL, if j #

Alternatively, F;;(t + At) can be expressed using matrix notation as Fj;(t + At) = (e; —
AtA(t)e;);, where the vector e; is a one-hot vector, i.e. it is 1 at index j, and O elsewhere.
The matrix A(t) is (Louca and Pennell, |2020al)

A(t) = diag(-X — p+ 22 0 E(t)) + Q. (S4.12)

The diag(...) function constructs a diagonal matrix from a vector argument. The elements
of A(t) are

—(M 4+ p1+n)+2ME(t) ... %
A(t) = : : . (S4.13)
ﬁ coo —(Ax Fpur +n) + 22 g Ek(t)

It follows that the matrix form of Pj;(t,t 4+ At) is

P(t,t+ At) ~ (I— AtA(t)) © (D(t + At)1T), (S4.14)
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where 17 is a row-vector of ones. For clarity, we populate P(t,t+ At) with an example where

we have K = 3 categories:

Pii(t,t+ At) Ppo(t,t+ At) Pis(t,t + At)
P(t,t+ At) = | Poy(t,t + At) Poo(t,t + At) Pos(t,t + At) |, (S4.15)
Psi(t,t + At) Pso(t,t + At) Pas(t,t + At)

or approximately

(1 = At[—=(A\1 + g1 +n) + 22X E1(1)])

At 1Dy (t + At At 1D (t + At
Di(t + At) wop Di(t+ AL 7 Da(t + At)
(1 — At[—(A2 + p2 + 1) + 2X2E2(t)])

— At Dot + At) — At Dot + At)

Da(t + At)
(1 — At[—(As + ps + 1) + 2A3E3(t)])
_ _n _ _n
At 15 D3 (t 4 At) At 5 D3(t + At) Ds(t + At)
(S4.16)

Since the columns of don’t sum to one, they do not represent a valid probability

distribution. To normalize them, we divide each element by the corresponding column sum:
P(t,t + At) = {(1 ~AtA(D) © (D(t+AD1T)| @ C, (S4.17)

where C = 11T [(I — AtA(t)) ® (D(t + At)17)]. The elements in P(t,t + At) are as follows:

D;(t+ At)(1 — At[—(Ni + i + 1) + 2XEi(2)])

Dy + AT — A=y + 11y + 1) + 20 By (0)]) — Al S, D+ Ay =7
Pij(t,t + At) =
— At D;(t + At) o
Dy + AT — D=0y + 1y + 1) + 20 B (0]) — Ay S, D+ Ay 7
(S4.18)

Apart from the normalization, we are not interested in the diagonal elements, since they do
not represent rate shifts. If we weigh by the probability of beginning in ancestral category j
at time ¢, we can get the number of shifts in an interval from time ¢ to ¢ + At:

CAtDi(t + A)
Dji(t+ At)(1 — At[—(Nj + w5 +m) + 2N E5(8)]) — At 32,4, Di(t + At)

Shifts,; (¢, t + At) = S;(t) if j # i

(S4.19)
Let Nj;(t) be the estimator for the accumulated number of rate shifts from the beginning of

the branch until time ¢. Suppose we know Nij(t), or Nij(t(]) = 0. Then, we can calculate the
number of shifts after some time At:

— At Di(t + At)

Nig (b A8) = Nog (085 () 35 R = A0+ ay ) + DB (0)]) — Ay S, Dot Ay 19 77
R (S4.20)
Subtract N;;(t) and divide by At:
Nij(t+A8) = Niy(8) __—n () Di(t + At) 54
At K 177D (0)(1 = A=\ + 5 + ) + 2N B (1)) — Aty >0, Dilt + A T 70

(S4.21)
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If we take the limit as At — 0, then the expression simplifies (and we set the derivative to 0

if j = i since we don’t need these):

. . . D;(t) n e
. — N . —S;(t —— ifj#i
lim Nz](t"i‘ At) Nzy(t) _ dNZJ <t) _ J( >Dj<t> K —1 (S4.22)
At—0 At dt e
0 if j =1.
In matrix form, this is
dN(t —
dt( ) _ o1 - eDESEH 21D (54.23)

We can solve using the same numerical integration techniques as before, over the
time interval of the branch, with initial condition N(#) = 0. The number of shifts among all
pairs (i, ) for all j # 4, in the time direction of old to young, are on the off-diagonals. This
represents K (K — 1) non-zero differential equations, and so if the state space K is large, then
computing the number of rate shifts N can be slow. If we sum over all entries in N, we obtain

an estimate of the total number of shifts in the time interval from tg until ¢:
N(t) =1"N()1, (S4.24)

and we can compare with the results from simulated mappings of rate category histories, as
implemented in RevBayes (Fig. S4.3)). The posterior number of rate shifts N can also be
summed across all of the branches, in order to get an overall idea of how many shifts there

were in the entire phylogeny.

S4.3.2 Probability of a shift

We want to calculate the probability that there was at least one shift on a branch:
Ps1 ghitts = - -+, (54.25)
or equivalently, the probability that there were zero shifts

Fo shifts = 1 — P>1 shifts- (S4.26)

One way to do so would be to begin by calculating the probability that there were no rate
shifts in rate category j. Remember that the probabilities in are conditional on that
the current category is j, i.e. they sum to one over the arrival categories i. Conditional on
that the process began in the departure category j, we can calculate the probability that at
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least no shifts with departure category j occurred as follows

Py shitts,j (8, t + At) = Pj;(t, t + At)
Di(t + At)(1 = At[=(Ni + pi + 1) + 2N Ei(1)]) (S4.27)
(t+ AL (1 = At[=(\j + 5 +n) + 20 E;(0)]) = At >SS Dit + At)

Py shitts,; (t, t + At) = D
j

Next we want to calculate the probability that there were no rate shifts away from category
j along the entire branch, meaning we need to take the product of several probabilities. We
can write it recursively as follows, by introducing a dummy variable X(t) that represents the
probability that there were no rate shifts departing from category j until time t. We know the
probability X;(t) at the beginning of a time span, it is simply set to one. Then, the probability
of no shifts after some small time interval At has elapsed is simply the previous probability

times the transition probability
X;(t+ At) = Xj(t)P;(t, t + At), (S4.28)

representing the progression along the branch. Because sums are typically more numerically

stable than products, we will instead use the log transformed probability

log X;(t + At) = log X;(t) + log Pj;(t,t + At)

(S4.29)
log X;(t + At) — log X;(t) = log Pj;(t,t + At),

and next we populate log P;;(t,t+ At) using[Eq. S4.18] Because there will be a lot of symbols,
we use a substitute ¢; representing —(\j + 1 +n) +2X; E;(t) and shorten the equations a bit.

Then, we have

D;(t + At)(1 — Ate;)

log X;(t + At) — log X;(t) =1
og Xj(t + At) —log X;(t) = log Dj(t+ At)(1 — Atej) — Aty >, Dilt + At)

(54.30)
and we can divide by At on both sides and take the limit
log X;(t + At) —log X;(t) ilo D;(t + At)(1 — Atcy)
At T At 5| Dyt AN (L - Atey) — Aty >0, Dilt + At)
lim log X (t + At) — log X;(t) — lim g Dj(t+ At)(1 — Atcy) '
AL50 At a0 At 0| Dt + At)(1 — Atej) — Aty S, Dilt + At)

(54.31)
Note that the limits of 1/At and the log term both converge to zero. In this case we can use

L’Hopital’s rule, differentiating the numerator and the denominator with respect to At. The
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left term vanishes, and it can be shown that the derivative for the log-term is

log Dj(t + At)(1 — Atej) _ Ko gy Dit+ AY)
dAt Dj(t + At)(1 — Atej) — Aty 30,45 Dilt + At) Dj(t + At) + aAt + SAL?’
(S4.32)

where « and  is represent some terms that are tedious to write. When evaluating the limit
of At — 0, then v and S vanish, and we get the following differential equation
dlog X;(t) n iz Di(t)

= 4.
dat K-1 D) (54.33)

which we can solve for numerically using the initial condition log X;(to1a) = 1. Note that dt
is a negative number, since we are integrating from the past to the present. Recall that all
this is conditional on that the process began in rate category j. In order to get the posterior
probability that there were no rate shifts in any rate category, we need to take the weighted
average as

P shifts = Z S (torg) o8 X (byoung) (54.34)

J

where Sj(to1q) is the posterior probability that the process was in rate category j at the
beginning of the branch, and Xj(tyoung) is the probability that there were no rate shifts
departing from rate category j in the time interval {toid,tyoung} (i.e. the branch time). It

follows that the posterior probability that there was at least one rate shift is
P>1 shitts = 1 — Py shifts- (54.35)

The probability obtained by this equation is validated by comparing with an alternative sim-

ulation approach in [Fig. S4.3k.

S4.3.3 Numerical solutions

We use the algorithm by Tsitouras (2011)), a fourth-order Runge-Kutta method, implemented
in the Julia module DifferentialEquations. jl (Rackauckas and Nie, 2017)) in order to nu-
merically solve the systems of differential equations. Conditional on some tolerance values
(we used abstol = 1073, reltol = 107%), the algorithm adaptively selects a set of time points
t; to solve the system of differential equations. It will fit the trajectory of the probability
densities at times t; € [to, tend], Where tg is the beginning, and t¢,q is the end. We store the
exact solutions at the time points ¢;. To get values at intermediate time points (between ¢;
and t;11), we fit and evaluate an interpolating function (a fourth-order polynomial) to get
an approximate result. First, we solve dE/dt across the time span of the phylogeny, without
regard to the phylogeny. In a second step, we iterate in a postorder traversal of the tree, and

solve dD/dt for each branch, storing the resulting D(¢), evaluating the polynomial represen-
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tation of E(t) where necessary. In a third step, we iterate over the tree in a preorder traversal.
We solve dF/dt for each branch, using the polynomial representations of E(t) and D(¢) where

necessary, and store the result F(¢). At the end of each branch, we normalize by a scaling

factor: iy |
FM(tyoungeSt) = w’
D) (S4.36)
DM(toldest) = %.

We follow the implementation of diversitree (FitzJohn| 2012)) and use a scaling factor such
that the normalized probabilities sum to unity: Oy p = 1'D M (toldest ). Since the propor-
tionality of the probabilities are preserved, we can use the normalized values in the initial
conditions for the next step in the tree iteration. This avoids numerical problems where the
products of D and F across many branches become too tiny, and floating point operations

become inaccurate. When we compute the log-likelihood, we add the scaling factors back in

(Orm.D)-

S4.4 RevBayes equivalence

The birth-death-shift model implemented in Pesto is fundamentally the same model as the
one used in RevBayes (Hohna et all [2019), with a few technical caveats. In Pesto, the
branch-specific rate estimates and the shift inferences are calculated conditionally on the
diversification rate categories (i.e. A, pu) and the shift rate (). If the diversification rate
categories and the shift rate are estimated jointly using a hierarchical model, as in RevBayes,
then the two approaches are not identical. If all rate categories and parameters are kept
equal, however, then the RevBayes and Pesto implementations are theoretically equivalent,
and should give the same result. In , we calculated a) the posterior mean branch-
specific speciation rates, b) the posterior mean number of rate shift events, and ¢) the posterior
probability that there was at least one rate shift — all per branch, using both Pesto and
RevBayes. We used the same model in both scenarios, with the rate categories being fixed to
A =1[0.1,0.2,0.4,0.1], p = [0.05,0.15,0.10,0.2], and the shift rate fixed to n = 0.00248. Given
sufficiently many stochastic character maps (we used 25000), the branch-specific estimates
should correspond exactly. In a qualitative sense, our comparison shows that the branch
estimates are corresponding. There are two parts of the tree with different rates, the Old
World Monkeys clade vs the rest. There is also one branch where there was strong support
for a rate shift (N > 0.8).

In a quantitative sense, however, there are some differences between the RevBayes and the
Pesto analysis results, as there are a few deviations from the one-to-one line. We attribute
this to numerical differences in solving the ordinary differential equations, and the stochastic

character maps, which are both approximate methods. Both Pesto and RevBayes use a Runge-
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Kutta algorithm with adaptive step size. Pesto uses the Tsit5 method (Tsitouras, |2011)
implemented in the DifferentialEquations.jl Julia library (Rackauckas and Nie, 2017)),
while RevBayes uses the Dormand—-Prince method (Dormand and Princel |1980) implemented
in the boost C++ library. Both of these algorithms are fundamentally similar, and give similar
solutions. RevBayes uses a fixed step size on top of this, to simulate stochastic character maps
forward in time (with standard settings nTimeSlices = 500, i.e. on average 500 time slices on
a lineage spanning from the root to the tip of the phylogeny), and saves the result only on these
specific time points. Pesto also saves the intermediate solutions (between the beginning and
the end of the branch), but not nearly as many, and the number of saved states are determined
dynamically instead of a priori. If the probability densities are relatively flat along a branch,
then Pesto saves only a handful of time points, e.g. 3 or 4. If the probability densities vary
drastically along a branch, i.e. the derivative is different to zero, then Pesto will save several
more, e.g. 20-40. In practice, this means that RevBayes uses far more steps (i.e. evaluations of
the difference equation) than Pesto, and so it is slower. Pesto also saves the solution for every
branch, instead of discarding it. There is a trade-off in that Pesto saves more information,
and the drawback is that Pesto requires more memory. Furthermore, RevBayes has to repeat
the stochastic character maps thousands of times before the branch rate estimates converge,

whereas Pesto only needs to calculate the branch rates once.

a) mean speciation rates b) number of shifts c) shift probability
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Figure S4.3: Comparisons of branch-specific calculations between Pesto and RevBayes. We calculated a)
the posterior mean speciation rates, b) the posterior mean number of rate shift events, and c) the posterior
probability that there was at least one rate shift. Each point represents one branch in the primates tree.
The rate categories were set to A = [0.1,0.2,0.4,0.1], g = [0.05,0.15,0.10,0.2], and the shift was was set to
n = 0.00248 (i.e. the maximum-likelihood shift rate, conditional on A, u. We conditioned on survival in both
cases. In RevBayes, we used the setting nTimeSlices = 500, and drew 25000 independent stochastic character
maps. The value on the x-axis is the mean across the 25000 stochastic character maps. The dashed line
represents the one-to-one line.
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S4.5 Variance of branch-specific speciation rates

Whereas in the previous section we plotted branch-specific speciation rates that were averaged
across the branch length, it is also possible to compute branch-specific diversification rates
that are evaluated at a specific point ¢ in time. Since the RevBayes implementation does not
by default print speciation rates that are specific to a particular time, we re-implemented the
stochastic mapping in a Julia script. Suppose we are given an initial probability vector S(t),
where ¢ is the oldest time of the branch, and we use some small step size At. Note that we
are going from the past to the present, and therefore At is a negative number. The simulation

algorithm can be described as follows
1. Draw a rate category j according to the probability vector S(t).
2. Initialize Fj(t) = 1 and set F'(t) to 0 for all other categories.
3. Find a solution to F(¢ + At) using numerical integration.

4. Update the probability vector S(t + At) := oF(t + At) © D(t + At), where a is a

normalizing constant such that S(¢ + At) sums to one.
5. Set t :=t+ At.
6. Repeat steps 1-5 until the youngest time point of the branch is reached.

This will give us a vector of the diversification rate categories, for example [1,1,3,3,3,...],
which we can use to calculate the mean and variance of the speciation rate for each time
bin. Suppose that A(t) is a discrete random variable with possible values Ai, Ag,... and
probabilities Si(t),S2(t),. .., then we can calculate the theoretical expectation and variance

for a particular time ¢
EN®)] =D XiS;(t)
J

Var[A(t)] = EA(£)?] — E[A(1)]? 2 (S4.37)

VarA(t)] = Y AZS;(t) — | D Aisi(0)
j j

The simulated and theoretical approaches to compute the mean and variance is shown in
and the estimates are very similar, up to some simulation error (we used 100 time
bins and 5000 replicates in the simulated approach). Note that unlike RevBayes, this specific
simulation does not include estimation error that accumulates from older branches in the tree,
as we fixed S(t) to be equal for this branch for both the simulated and theoretical approaches.

If the whole tree were used to simulate the diversification rate shift history, then we expect
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that more time bins and/or more replicates would be needed to achieve errors of similar scale.

0.4 1
0.010 1| — gimulated
- - - theoretical
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0.0 . . . 0.000 1 . . .
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time before the present (Ma) time before the present (Ma)

Figure S4.4: Estimates of the posterior mean speciation rate A(t) for the branch in the primates phylogeny
that showed the strongest support for a branch-specific diversification rate shift (the branch leading up to
the Old World Monkeys clade). The speciation rate categories are A = [0.1,0.2,0.4,0.1], the extinction rate
categories are p = [0.05,0.15,0.10,0.2], and the diversification shift rate is n = 0.00248. At the beginning
of the branch, the second rate category is the most probable (0.994), whereas the third category is the most
probable at the end of the branch (0.968).

Suppose one is interested in calculating the variance of the branch-wide average speciation
rate, in addition to the mean (as in the previous section). Conceptually, if A\(¢) is the discrete
random variable for the speciation rate at time ¢, we can imagine the branch-average A as a

weighted sum of several of time bins, where t1,to,... correspond to the time of the bins
- 1 1
A= E)\(tl) + E)\(tg) +..., (54.38)

where ¢ is the number of time bins. In other words, we have created a new random variable
that is a weighted sum of other random variables. Computing the expectation of X is straight

forward

E[] = % 3 A(t). (84.39)

Computing the variance is more tricky, however, as we also need to take into the account the

covariance among the time bins

Var[}] = c% S Var[A(ta)] + ClQ S5 CovlA(ta), Alt)) (S4.40)
a=1

a=1 b>a

where t,, is some time point and ¢, is time point younger than ¢,. The variance Var[A(t)] we had
earlier, but this expression also contains the covariance across different time bins. Assuming
that the covariance is approximately zero is not a reasonable assumption, as the variance then

converges to zero with increasing number of time bins. Consequently, to theoretically calculate



S4.5 Variance of branch-specific speciation rates 201

the across-branch variance in speciation rates, we must somehow calculate the covariance

across time bins. One way of calculating the covariance is

Cov[A(tq ZZSJ ) X Pij(ta,tp)
=i (S4.41)

X (Aj = E[A(ta)]) x (A = E[A(G))),

where S;(t,) represents the marginal probability of the rate category being j at time ¢,, and
P;j(tq,tp) is the transition probability from category j at time ¢, to the category j at a younger
time ty.

Specifically, P;;(tq,tp) is calculated by setting F(¢,) to a one-hot vector, and numerically
integrating with dF/dt to a younger time ¢, and then element-wise multiplying with D(tp),
all repeated for all possible one-hot vectors of F(¢,), and assembling them into a matrix P.
Finally, we normalize the matrix P such that the columns sum to one. Note that we can not

use [Eq. S4.18|to calculate Pjj(tq,tp), as|Eq. S4.18|is only a good approximation for very short

time intervals ¢ to t + At. All taken together, the expression for the variance becomes

c c K K
varl)] = Z\/ar D+ g SIS S ) x P(Z(0) = il (1) = )

a=1b>a j=1 i=1 (54.42)
X (Aj = E[A()]) x (A = E[A(%)])-

When comparing Var[/_\] between the simulated, stochastic mapping approach and the theo-
retical approach , we can see that the theoretical approach converges when more
time bins are used, and 20 or 30 time bins are perhaps sufficient for a reasonable approxima-
tion. One caveat of the example in is, however, that it was made with a toy model

— theoretical
0.0005 - - - simulation

T T
0 20 40
number of time bins

Figure S4.5: The posterior variance of the across-branch mean speciation rate, using i) a simulated, stochastic
mapping approach, and ii) a theoretical approach that uses a time-bin approximation. The units of Var[\] are
“number of speciation events per lineage per Ma” squared. When sufficiently many number of time bins are
used, then the variance converges.
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that only has four diversification rate categories. In a more typical setting, where we want
more robust estimates of the branch-specific diversification rates, we would like to use more
diversification rate categories, for example n? = K = 36 or n?> = K = 100. The equation
to calculate Var[\] contains four nested sums, and we expect that for a larger model it will
become cumbersome to calculate the variance in this way. Therefore, if the across-branch
variance in diversification rates is of interest, we recommend to use the stochastic mapping

approach as used in [Hohna et al.| (2019).

S4.6 The likelihood surface

The likelihood surface, when plotted as a function of A and i1, has several ridges with local
optima . This type of surface can be difficult to traverse using numerical methods.
Optimization algorithms can find a local maximum instead of the global maximum likelihood
parameter values. Similarly, Markov chain Monte Carlo samplers can have a difficult time
switching between the ridges. This means that it is difficult to sample the posterior distribu-
tion, and in practice it can lead to problems with convergence. In Pesto we used a two-step
approach to find estimates for 5\, i and n. Based on our exploration of the likelihood surface
for the primates tree, this will not lead to the global maximum likelihood parameter esti-
mates, but instead something that is reasonably close white dot), within a few

log-likelihood units of the global maximum.

S4.7 Estimation error in branch-specific diversification rates

In the main text, we showed the proportional error in the inference of branch-specific speciation
rates. Here, we show the equivalent in branch-specific extinction rates The figure
shows that most proportional errors are between 0.33 and 3.0, meaning that branch-specific
extinction rate estimates are underestimated by a third, or overestimated by a factor of three.
However, as the tree size increases, the proportional errors converge to approximately zero,
meaning that the method is approximately unbiased. We also calculated branch-specific es-
timation errors for net-diversification rates. Since branch-specific net-diversification rates are
often negative, however, it made less sense to use the geometric mean as a summary method

per tree. For this reason, we plot the arithmetic mean of the branch-specific estimation errors

in[Fiz. S1.8
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a) shift rate fixed

@ joint maximum likelihood
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b) extinction rate fixed c) speciation rate fixed
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Figure S4.6: The likelihood surface of the birth-death-shift model as a function of the three parameters
A, i and 1. From A, i1, we take 10 quantiles from the distributions LogNormal(log(j\), sd = 0.587) and
LogNormal(log(f), sd = 0.587), and use all pairwise comparisons to form A and p. The log likelihoods are
offset such that the maximum is zero. The data is the primates phylogeny. The three panels depict grid
searches where we held one parameter constant in each panel. In panel a) we set n =1/ b;, where b; is the
length of branch i. In b) we set i = 0.22, and in c) we set A =10.30 (the maximum-likelihood parameter values
under the constant-rate birth-death process). Notice that the parameter values inferred using the two-step
approach is within a few log-likelihood units of the joint maximum likelihood approach, however they are not
identical.
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a) Simulated trees without rate shifts
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Figure S4.7: The estimation error in branch-specific extinction rates, as proportional errors. For
each tree simulated tree, we calculated the proportional errors per branch, and averaged across the tree:
exp(nb“jlches > log(finr) —log(fins true)), where fias is the estimate for the average extinction rate on branch
M. A value of one means that the branch-specific extinction rates are unbiased, on average across the tree.
Larger than one means overestimation, and less than one means underestimation. The proportional errors for

extinction rates are slightly larger than those for speciation rates.
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Figure S4.8: The estimation error in branch-specific net-diversification rates. For each tree simulated tree,
we calculated the estimation errors per branch, and averaged across the tree: ET——— > M(TM — TM true),
where 7y is the estimate for the average net-diversification rate on branch M. Note that this plot shows
arithmetic means, unlike geometric means in the other figures of estimation error. A value of zero means
that the branch-specific extinction rates are unbiased, on average across the tree. Larger than zero means
overestimation, and less than zero means underestimation. Seven data points with an error of about —0.61
are omitted from the figure due to the choice of y-axis limits.
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Figure S4.9: The number of correctly inferred rate shifts (i.e. true positives) versus the number of rate shifts
that happened (true positives + false negatives) in the simulated trees. Each point represents one phylogeny.
The criteria for that a shift was inferred was that the Bayes factor had to be larger than 10, and N had to be
larger than 0.5. The panels are split by simulation time (from 25 to 125 Ma) and rate variation in the true
model (i.e. models A to D in Table 1). The dashed lines represent the one-to-one relationship.
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a) true rate categories, r = [0.04,0.08,0.12] b) too low netdiv categories, r = [0.005,0.045,0.085] c) too high netdiv categories, r = [0.09,0.13,0.17]
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Figure S4.10: A brief example of what the result might be if the rate categories are mis-specified. To
emulate this, we set the net-diversification rates to a) their true values, b) too low and c) too high. The
relative extinction (i.e. pu/A = 2/3) is equal across all three models and across the rate categories. The
phylogeny is the same that was used in the main text in[Fig. 4.10p, simulated from the model with large rate
variation. In all three models we estimated the shift rate using maximum likelihood. In a) and b), the two
rate shifts that led to the radiation of species-rich clades are recovered. However, in b) the net-diversification
rates in the two in-groups are underestimated, and there is one false positive. In ¢) the shift rate estimate is
about zero, no shifts are recovered, and the net-diversification rates are overestimated in what would be the
"outgroup".
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Figure S4.11: Equivalent to |Fig. 4.11|in the main manuscript, however with the y-axis limits chosen on a
much smaller interval than {0,1}, better show-casing the variation within each panel.
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S5.1 Materials and methods

Empirical phylogenies

When selecting phylogenies, we focused on clades that were species-rich and studies that
used probabilistic methods to infer the phylogeny. Specifically, we only used trees that had
positive branch lengths in units of time (Ma), were ultrametric, and binary splitting. When
a publication provided a summary tree from the tree inference procedure, such as a MAP
(maximum a posteriori) or MCC (maximum clade credibility) summary tree, we used that
summary tree. For publications in which a summary tree was not provided, we used the
posterior distribution of trees and computed the MCC tree with common ancestor heights

using TreeAnnotator in BEAST (Drummond et al. 2012a)).

Modeling clade-specific shifts in diversification rates

We used the birth-death-shift model (Hohna et al., 2019) implemented in the Julia module
Pesto (Kopperud and Hohnaj [2025). The birth-death-shift model is similar to the state-
dependent speciation extinction (SSE) model (Maddison et al., [2007}; FitzJohn| 2012), except
that the states are considered unknown or unobserved. The method is conceptually similar to
BAMM (Raboskyl, 2014)) and the multi-type birth-death model (Barido-Sottani et al., 2020),
however the results of an analysis are most similar to those of BAMM (see [Martinez-Gomez
et al., [2024, for a review). The advantage of Pesto over the aforementioned methods is that
Pesto uses a deterministic algorithm instead of time-consuming Markov-chain Monte Carlo

sampling to compute the branch-specific diversification rates, and the number of rate shifts.

The diversification rate categories
When a rate shift event happens, the new speciation and extinction rates are independent of
the ancestral rates. The new speciation and extinction rates follow some base distributions

(Hohna et all 2019), where we chose log-normal distributions:

LogNormal(log(}), 0.587)

(S5.1)
LogNormal(log(f), 0.587),

which have parameters 5\, i1 controlling the scale, and a standard deviation of 0.587. The
standard deviation of 0.587 is chosen such that the 2.5-97.5% quantile interval spans one
order of magnitude on the linear rate scale (for example, a speciation rate ranging from
0.1 to 1.0). While the birth-death-shift model is conceptually continuous, we use a discrete
approximation in order for the model to be mathematically and computationally tractable.
Thus, we discretize the log-normal distributions into quantiles and store the middle point of
each quantile as X = [A1, A2, ..., A\, and likewise for ji. Using all pairwise combinations of X
and i, we set up two more vectors A and g, comprised of n? = K elements. The vectors A

and p are the rate categories. The number of rate categories is decided before the model is
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fitted. In the empirical analyses, we used n?> = K = 100 rate categories. The rate categories
represent the allowed rate variation in the birth-death-shift model. As the number of rate
categories increases, the model converges to the full, continuous distribution of diversification

rate variation (Kopperud and Hohnay, 2025)).

Parameter estimation

The birth-death-shift model has three parameters: \ controls the mean of the speciation rate
distribution, fi controls the mean of the extinction rate distribution, and n controls how often
the process shifts from one category to another. Using maximum likelihood, we obtain joint
estimates of ;\, 2 and n. We do this by setting up a series of constraints on the model fitting
procedure, for example, by forcing n to be smaller than the other two parameters. We use
a numerical optimization algorithm, specifically Newton’s method to iteratively improve the
likelihood (Mogensen and Riseth, 2018]), until a solution is reached. See the Supplementary

text for a more detailed description of the optimization procedure.

Branch-specific rates and rate shift support

When calculating the likelihood of the model, and therefore also when we are fitting the
parameters (5\, fi,m), we are integrating over all possible rate shift histories. Thus, the rate
shift history does not appear as a parameter in our model. Despite this, the rate shift history
is a random, unobserved variable that has a prior distribution (determined by the model)
and a posterior distribution (determined by the model and the data). Mapping the posterior
distribution of a rate shift history can be done using stochastic mapping (Huelsenbeck et al.,
2003; Freyman and Hohnaj, |2019; Hohna et al., 2019)), however this can be a computational
burden (Martinez-Gomez et al, 2024)). Instead of using stochastic maps to estimate branch-
specific diversification rates, we use a deterministic algorithm (Kopperud and Hohna, 2025).

Specifically, we calculate the posterior mean diversification rate per branch as

t2K

1
- Sura(®) (i — i), $5.2
r= i ), S0 ($5:2)

where S)y;(t) is the marginal probability of the rate category being ¢ at time ¢ on branch M,
and t1,t2 are the oldest and youngest times of branch M, respectively. Sys;(t) is normalized,
meaning that it sums to 1 over the rate categories ¢ for any particular time t. We calculate

the change in the net-diversification rate along a branch as follows

K K

Ar =" Sai(ta) (N — i) = D Sri(tn) (s — i), (S5.3)
=1 i=1

i.e., as the difference between the means of the oldest and the youngest times of the branch.

In order to assess the statistical support for rate shift events, we use an approximate Bayes

factor approach (Shi and Rabosky), 2015). This takes into account both the prior probability
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(m) and posterior probability (P) of whether or not there was a rate shift event on branch M

P]u(Zl Shifts)

T (>1 Shifts)
PIM(O shifts) :
™M (0 shifts)

Bayes factor = (S5.4)

We approximate the prior probability m by calculating the probability of zero events given a
Poisson distribution with rate (¢; — t2)n. For the posterior probability, see (Kopperud and
Hohnay, [2025). We consider a branch to have strong statistical support for there being a rate
shift event, if the Bayes factor is 10 or higher. To summarize how many branches had strong
support across a phylogeny, we use the symbol N* to represent the number of such branches.

Note that the branch rate estimates, as well as the Bayes factors, are given conditionally on
the point estimates of 5\, i, m. In effect, we are ignoring estimation error in these parameters.
While there is no doubt large uncertainty in our parameter estimates, this omission is a
compromise that allows us to obtain branch-specific estimates fast and efficiently even for

large trees.

Validation studies

In order to test whether the method can robustly infer the patterns we found from the em-
pirical data, we set up a series of simulation studies as part of a validation procedure. In
the Supplementary Materials, we provide several sections where we present the true rate shift
quantities from simulated phylogenies, the best estimates from our inference procedure, and

the estimation error.

Software

We analysed the phylogenies using Pesto (Kopperud and Hohnal [2025), performed post-
processing using R packages for phylogenetic manipulation (Paradis and Schliep, 2019; |Wang
et al., [2020), and plotted the figures using ggtree (Yu et al., [2017) and Makie.j1l (Danisch
and Krumbiegel, |2021)). We also used TreeAnnotator to create summary trees from posterior

distributions of trees (Drummond et all 2012a).
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S5.2 Supplementary figures
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Figure S5.1: An extended version of where all of the empirical datasets are included. Each dot
represents a branch in the phylogeny that has strong support (Bayes factor > 10) for that there was at least
one rate shift event. Note that the majority of shifts are in positive direction, however there are some that are
negative. The box plots show the median, with the crossbar spanning the interquartile range, and the length
of the whiskers are 1.5 times the interquartile range.
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Figure S5.2: The number of diversification rate shift events, and the number of rate shifts per time (Ma)
versus the number of tips included in the reconstructed phylogeny. Each dot represents one empirical phy-
logeny (see Extended Data. The lines are ordinary least-squares regressions, and the shaded areas
represents two standard error deviations from the lines.
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Figure S5.3: The fraction of number of shifts in speciation rate (N3 ), extinction rate (N,,), and both (Nx,.)
over all rate shifts (Nau = NA + ]\Af“ + NA+M). For more details on the posterior number of rate shift events
N, see the Supplementary text. We summed Niate across the branches that showed strong support for there
being a rate shift event (Bayes factor > 10). One empirical phylogeny is represented by three dots (blue,
orange, gray), summing to one. We expect a priori (horizontal lines) that there are (n — 1)/(n? — 1) shifts in
a single rate, and (n — 1)?/(n? — 1) joint shifts, or 1/11 and 9/11 in this case (since the number of speciation
and extinction rate classes was n = 10). The box plots show the median, with the crossbar spanning the
interquartile range, and the length of the whiskers are 1.5 times the interquartile range.
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S5.3 Supplementary text

S5.3.1 Inferring the type of diversification rate shifts using simulated phy-
logenies

We were interested in assessing whether Pesto is able to detect what kind of rate shift event
that happened on a branch. Specifically, we investigated whether a rate shift event is due to
i) a change in the speciation rate, or ii) a change in the extinction rate. In order to test if
our inference is able to detect which of the three scenarios that occurred, we simulated several
phylogenies where there was exactly zero or one rate shift event. In expectation, the simulation
procedure results in a phylogeny that has a moderate “backbone” tempo of diversification. In
the subclade that is descended from the rate shift event, it either resulted in an upshift or
downshift in net diversification. The specifics of the simulated phylogenies are discussed in
detail below.

Table S5.2: Summary of the models we used to simulate grafted trees QFigs. S5.4| to |S5.8D.

Model i A A—p  age (Ma) [E[#tips|survival]
backbone  0.325 0.235  0.09 60 1593.8
upshift (A\) 0.52  0.235 0.285 15 260.7
upshift (x) 0.325 0.0 0.325 15 261.9
downshift  0.13 0.235 —0.105 40 4.4

E|#tips|survival] = 2(1 + ﬁ(et(kf“> — 1)) is the expected number of tips for a phylogeny simulated from
a constant-rate birth-death process with birth rate A\, death rate u, over a time period of ¢, conditional on
that both the left and the right subtrees survived until the present (Hohna, 2015, appendix B). Note that the
process begins with a speciation event at the origin, i.e., it has two active lineages from the start.

We simulated the phylogenies using the R-package TESS (Hohna et al.,|2016b) under various
settings, see for a summary. Specifically, we conditioned on that both the left and
right lineages that descended from the root node survived until the present. Using a backbone
model with a moderate net-diversification rate (A — p = 0.09), we simulated 350 trees over a
time span of 60 Ma. In each of these 350 backbone trees, we randomly selected a branch that
was alive at 15 Ma in the reconstructed tree. At this branch, we pruned the original subtree
and replaced it with a separate simulated tree, which we simulated from a model with a higher
net-diversification rate. The upshift can either be due to an increase in speciation rate, or a
decrease in extinction rate. We selected the change in speciation and extinction rates such
that the expected number of tips in the surviving tree was about 260, over the time span of 15
Ma. We performed a similar prune-and-regraft to assess downshifts in diversification, however
at an earlier time (at 40 Ma instead of at 15 Ma).

Next, we used Pesto to infer branch-specific diversification rates. Ten trees selected at
random are plotted in [Figs. S5.4] to[S5.7}, and the speciation, extinction and net-diversification

rates are mapped with colors on the branches. When there are no diversification rate shift
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events, Pesto tends to correctly infer that there were no shift events This is
expected, as we previously confirmed that Pesto has a low false positive rate (Kopperud and
Hohna, [2025). For the trees in which there was an upshift event, Pesto is usually able to
recover the main rate shift event, although not always [Figs. S5.5 and [S5.6, When there was
an upshift event, Pesto rarely recovers a different upshift as a false positive (e.g.,
tree 4). When there was a downshift event, as in Pesto is almost never able to

detect it. Thus, we are able to correctly recover i) constancy, ii) upshifts in net-diversification,

but not iii) downshift in net-diversification.

Inferring whether the upshift event is due to i) a change in the speciation rate, or ii) a
change in the extinction rate, appears to be a more difficult task. We first motivate with color-
mapped phylogenies, and follow up with a more quantitative assessment. In some phylogenies
(e.g., trees 1,2), Pesto correctly infers that there was a change in the speciation rate.
In many other phylogenies (e.g., trees 3,5,6,8), Pesto incorrectly infers that the rate
shift event was a joint increase in speciation and decrease in extinction. Similar results can
be seen in [Fig. 55.6] where Pesto is sometimes but usually not able to correctly infer that the

rate shift event was due to a decrease in extinction.

The results for the number of diversification rate shifts across the full 350 simulated phy-
logenies is summarized in Here, we make use of the quantity N M, which represents
the posterior mean number of diversification rate shift events, for a particular branch M.
We will recap how to calculate and interpret N M, but see (Kopperud and Hohnay, [2025) for
further explanations including how it is derived. Moreover, we specify N M,ij for the number
of diversification rate change events from rate category j a different rate category i. We use

the following differential equation to calculate N M,ij

dN,i;(t) _SM’j(t)mK —y A (85.5)

0 if j =4,

where D)y ;(t) is the probability of observing the clade descended from branch M at time 4,
given that the process was in rate category i at time t. The quantity Shs ;(t) is the marginal
probability that the rate category was j at time ¢ on branch M. The initial value for N (t) is
set to 0 at the oldest time point of the branch, and we use a numerical ODE solver to find a
solution at the youngest time point. Solving this for all combinations of i, j gives us a matrix

N . Next, we sum over the set of branches M € M to obtain

N=Y N, (S5.6)
MeMm

where M is the set of branches that showed strong statistical support (with Bayes factor > 100,

more conservative than in the main text). This gives us a summary of the number of rate
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change events that can be plotted without the phylogeny. Furthermore, we can decompose N
and categorize the number of rate shift event by whether it represents a change in the speciation
rate (Ny), the extinction rate (NM) or a change in both rates simultaneously (Nz\+u)~ If we
drop the subscripts ij, and use an example with few rate classes (here n = 2, K = 4), it

becomes easier to write the full matrix

— Ny N, Ny,

. N - N N,
N=|"">* Afw e (S5.7)
N, Nopw - Ny

NA-Ht Ny Ny -

Note that the inferences depicted in [Figs. S5.4] to [S5.8 were made using n = 10 rate classes.

Therefore, the actual N matrix in this simulation study has 100 rows and 100 columns.

In order to summarize whether a diversification rate change is due to a change in the
speciation or the extinction rate, we use the posterior mean number of diversification rate
shifts Nij to construct three summary metrics. The metrics describe the net change in the
rate (speciation, extinction or net-diversification), weighted by the number of rate change

events

AN =D (A = )N
i,J

Ap=>> (i — pj) N (95.8)
&3

Ar = Z(TZ - T’j)NZ‘j,
&3

where r; = \; — u; represents the net-diversification rate in rate category i. The results are
depicted in Each simulated phylogeny represents a count in the histogram, and the

vertical dashed line represents the true change in each rate.

There are five striking results. First, the diversification-rate changes in the constant-rate
backbone trees are inferred almost perfectly, with only a handful of false positive upshifts
in net diversification. Second, the downshifts are never recovered correctly — the trees that
include downshifts appear as if they have been simulated by a constant-rate process. Third,
the upshift scenarios (both due to changes in p and \) appear to be somewhat recovered, if
we consider the inferred change in net-diversification (Ar, right column), although
there is considerable estimation error. Fourth, it seems to be very difficult to infer whether a
rate shift event was due to a change in the speciation or the extinction rate. For the scenario
where the true upshift was due to a change in the speciation rate, the estimates appear to be
approximately centered around the true change (vertical dashed line). When the true upshift
was due to a change in the extinction rate (third row), however, there is a mismatch between
the inference and the true change. While the inferred change in speciation has the correct

mode (AX = 0), the inferred change in extinction is strongly biased. As a fifth point, we do not



S5.3 Supplementary text 219

true netdiv = 0.09
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Figure S5.4: Ten trees where we simulated a backbone tree under the constant-rate birth-death model
(A = 0.325, 1, = 0.235) for a time period of 60 Ma. We inferred branch-specific speciation, extinction and
net-diversification rates (shown in color). There is some estimation error in the rates, but we almost never
recovered a rate shift event (low false positive ratio).
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interpret these results as it being impossible to detect whether the upshift was due to a change
in the speciation or the extinction rate. If the patterns in the data were identical, we would
expect to see equal or very similar distributions in the second and third rows in [Fig. 55.8
The difference can not be attributed to difference in total species-richness, as we conditioned
both grafted in-groups to have about 260 expected number of tips. As the distributions are
clearly different, we think that there is some signal available in the divergence times that gives
information about the nature of the diversification rate shifts.

Telling whether an upshift is due to a change in the speciation or extinction rate is no
doubt a difficult task. The ability of inferring which rate that shifted is perhaps limited by the
size of the phylogeny. It may be the case that we need more species-rich trees to reliably infer
the correct type of rate shift events (these trees had on average about 2000 tips). However,
our results could also be driven by the model assumptions. In the birth-death-shift model
that we set up, we implicitly assumed that the going from any rate category j to any other
rate category i is happening at an equal rate. This implies i) that the rate of speciation and
extinction shifts are equal, but also that ii) joint speciation+extinction rate shifts are more
common than single shifts, and the ratio increases with the number of rate categories. We
envision that the overall hypothesis could be addressed more elegantly if we i) allowed the
rate of speciation and extinction shifts to be different, and ii) disallowed joint shifts entirely.
Nevertheless, assessing whether a rate shift event is due to a change in the speciation or the

extinction rate requires further research.
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true speciation = [0.325, 0.52] true extinction = 0.235

true netdiv = [0.09, 0.285]
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Figure S5.5: Ten trees where we simulated a backbone tree under the constant-rate birth-death model
(A = 0.325, 1 = 0.235) for a time period of 60 Ma, and replaced a randomly selected subtree at 15 Ma with
a tree that had a higher speciation rate (A = 0.52). We inferred branch-specific speciation, extinction and
net-diversification rates (shown in color). The shift in net-diversification rate is usually recovered, but not
always. When a shift in speciation rate occurs, it can often be mis-identified as a shift in the extinction rate,
or as a joint shift (speciation and extinction rate).
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true speciation = 0.325 true extinction = [0.235,0.0] true netdiv = [0.09, 0.325]

tree 1

tree 2

tree 3

tree 4

tree 5

tree 6
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Figure S5.6: Ten trees where we simulated a backbone tree under the constant-rate birth-death model
(A = 0.325, 1 = 0.235) for a time period of 60 Ma, and replaced a randomly selected subtree at 15 Ma with
a tree that had a lower extinction rate (1 = 0.0). We inferred branch-specific speciation, extinction and net-
diversification rates (shown in color). The shift in net-diversification rate is usually recovered, but not always.
When a shift in extinction rate occurs, it can often be mis-identified as a shift in the speciation rate, or as a
joint shift (speciation and extinction rate).
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true speciation = [0.325, 0.13] true extinction = 0.235
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Figure S5.7: Ten trees where we simulated a backbone tree under the constant-rate birth-death model
(A = 0.325, 4 = 0.235) for a time period of 60 Ma, and replaced a randomly selected subtree at 40 Ma with
a tree that had a lower speciation rate (A = 0.13). We inferred branch-specific speciation, extinction and
net-diversification rates (shown in color). The rate shift event that leads to a reduction in net-diversification
rate is virtually never recovered.



224 D. Supplementary Material for Chapter 5

speciation (A\) extinction (Ap) netdiv (Ar)
300 - - - -
=
200 - - - =z
2
100 - - S
0 Bk T T Bk T T T T Bk T T
60 : : : : =
40 : 4 ] ! 2:
8 . _ | %)
g 20 ‘I z
L‘a 0 ik T T — .I_ ik T -I T T T = ik T T — -I-
-
..8 100 T 1 T 1
g 1 1 _
= . , &
= ' X £
50 - - ! - =
' =
1 n
il :
0 L T T T L _I - T T I_ T L T T I-
300 . 11 =
200 A E - - E ::i
100 : - - : S;
0! - ] b 3

0.25
0.50

T T T 1 1 7I
Y Q QN - 9
N 0 o o o o o
o o | I I |

3
o. ~ ~
> A= AN, D (= )Ny

ij ij
. inferred change

- - - true change

[ 0.00-
=3

z

:2)

&

Figure S5.8: An assessment of the inferred change in branch-specific speciation, extinction and net-
diversification rates, on simulated phylogenies with either no rate shift events (constant) or exactly one rate
shift event (either upshift or downshift). We used the models in to simulate various trees with
various species richness. We simulated 350 backbone trees, which in combination with simulated in-group
trees, we used to construct 350 upshift trees (due to an increase in \), 350 upshift trees (due to a decrease
in u), and 350 downshift trees. Each data point in a histogram represents one tree. Each row represents the
same set of trees.
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Validating the number of rate shift inferences using simulated phylogenies

[}
= B
£ 10°2- * ? g : 3
= o 9 = Realized shift rate (Nyue/t)
£ “oon W
O | ceaoo- '____"_-_..L-_!E}-_ =- = =
s -, .:-t Py -s 5 . @® Estimated shift rate (n)
& . ! & aatd g
Z 101 AR S S G
° : KO LS A @', "; - - - - True shift rate (n=0.0008)
; oM ¥ ¥
2 R 5{; ?
- . . L T A ]
1 0 6 T T T ..l T = T ‘ T ;.’l
30 40 50 60 70 80 90 100

tree height (Ma)

Figure S5.9: The shift rate (in units of rate shift events per time), estimated for several trees across a range
of tree heights. Each dot represents one phylogeny. For each tree height in the range of 30 to 100 million years,
we simulated 500 reconstructed trees and inferred the number of rate shifts. The position of the dots on the
x-axis is jittered, i.e., moved randomly to the left or the right, for visibility purposes. The y-axis has been cut
off at 107%, however there are many phylogenies with a smaller estimated shift rate (practically zero) that are
not visible.

In the main text, we present analyses of empirical phylogenies, where the results indicate
that there is a strong age-scaling effect for the number of rate shifts per time. We were con-
cerned that this age-scaling effect was a result of a methodological artefact. To test whether
this was an artefact, we set up a simulation study under a birth-death-shift model, where we
can evaluate the performance of the birth-death-shift inference in a known scenario. Specifi-

cally, we simulated phylogenies under the following three-state model

A= [0.12,0.21,0.30]
p= [0.08,0.14,0.20] (S5.9)
n= 0.0008,

meaning that the relative extinction rate (u/A) was 2/3, and the shift rate was selected
such that we would get far fewer rate shift events than branching events. All simulations
started in the category with the lowest net-diversification rate. We carefully hand-picked
these rates in order to be able to simulate trees for a range of tree heights, without running
into computational problems. Since extremely large trees are impractical, we set a maximum
number of tips (50,000), and we rejected simulated trees that exceeded this threshold. In
our experience, the hand-picked rates above generated trees with reasonable size for a range
of tree heights (in the range of 30 to 100 million years, in increments of 10 myr), allowing

us to test the inference of Pesto for a large number of tree replicates (500 per tree height),
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while keeping the simulation rejection rate at a reasonable level. This yielded 4000 simulated

reconstructed trees in total, for which we also knew the true shift history along each branch.

Next, we inferred branch-specific diversification and branch-specific diversification rate

events using Pesto. Specifically, specifically the following model setup

(A, fi,m) estimated by ML under the birth-death-shift model
X six quantiles from LogNormal(log()),sd = 0.587) ($5.10)
i six quantiles from LogNormal(log(/i),sd = 0.587)
(A, ) all pairwise combinations of X, .

In other words, there are 36 rate categories (represented by A, ). In we see that the
number of realized shifts per time (NViye/t) is higher than what is expected from the true shift
rate (). This is due to sampling biases, both since we i) conditioned on that the phylogenies
must have at least one rate shift event, and ii) we conditioned on survival of the left and
right subtrees descending from the root. When assessing the robustness of the method, we
therefore investigated the estimation error as the difference between the estimates (n or N*)
and the realized number of rate shift events (NViyye, based on the specific simulated rate shift

histories).

In we see that there is some estimation error for the shift rate (a) and the number
of strongly inferred rate shifts events per time (b). Specifically, the shift rate is overestimated
for young phylogenies, but is almost unbiased for older phylogenies. The number of strongly
supported shift events per time (N*/t) is underestimated for young phylogenies, however.
This metric is also underestimated for older phylogenies, which we expect is due to that we
are not able to infer downshifts reliably. In we see the same data except plotted
as a function of the number of tips. The patterns are broadly similar, in that the shift rate
is overestimated, while the number of strongly supported rate shift events is underestimated,

when considering phylogenies with few taxa.

The results tell us that the age scaling effect in the shift rate (n) could be partially ex-
plained by estimation error in young phylogenies. However, the age scaling effect in the
number of strongly inferred rate shift events cannot be explained by estimation error in young
phylogenies, as the direction of the bias is opposite to the empirical age scaling pattern. Thus,
we do not believe that estimation error on its own can explain the age scaling pattern in the

empirical analyses.
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Figure S5.10: Estimation error in the number of rate shifts, as a function of tree height. The estimation
error is the difference between the estimated value and the true value realized in the simulated trees. We used
either the shift rate parameter (a) or the number of strongly supported branches per time (N*/t) as the metric
for the number of rate shift events. There are fewer trees for short tree heights (about 50 trees for 30 Ma),
and more trees for longer tree heights (about 450 trees for 100 Ma). The shift rate 7 is overestimated for some
young phylogenies, and it is approximately unbiased for old phylogenies.
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Figure S5.11: The same data as in |[Fig. S5.10| but as a function of the number of tips in the phylogeny. The
shift rate n is overestimated for phylogenies with few tips, and the number of supported shifts per time (N*/t)
is underestimated for phylogenies with few tips.
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Within-phylogeny estimates of diversification shift rate

In the main text, we saw that there was an apparent age scaling effect of shift rate (n) with
the clade age of the phylogeny. At first sight, it appears as if the diversification rate shifts
more often for younger phylogenies than older phylogenies. We argued that this is a time
averaging effect, which is caused by lack of information in the oldest parts of the phylogeny
with which to infer shifts in the diversification rate. In the main text, we only compared
the number of diversification rate shifts among phylogenies. In this section, we calculate and
present posterior estimates of the number of diversification rate within phylogenies. If there
is less evidence for diversification rate shifts in more ancient parts of the phylogenies, then we
expect that the estimate for the number of rate shifts should be smaller in the past than at
the present.

In order to calculate the number of rate shifts per time, we used our expression for the

derivative of N with respect to time, i.e., ‘é]t\é%’ (t) for a particular branch with index M.

This quantity represents the branch-specific estimate for the instantaneous shift rate, i.e.,
the number of diversification rate shifts per time, specifically on branch M and at time t.
Suppose that on a particular time ¢, say at the root of the phylogeny, tyirca, there are two
active lineages in a set A. After the first branching event has occurred, there are three active
lineages in the set B, and so on. In order to get a sense of the change across time, we discretized
time from the root age of the phylogeny until the present. Next, we calculated the geometric

mean of the shift rate across the number of active lineages like so

1 dN.
mean shift rate = exp( Z log(—2L (1)), (S5.11)
ZA 1 MeA di

for each time point ¢ with its corresponding set of active lineages A. In other words, the mean
posterior shift rate is an average of the instantaneous shift rate for all branches that were alive
at a particular time in the past (and that survived until the present).

The results of this procedure is visualized in In panel b) we show the mean shift
rate through time for simulated phylogenies, whereas in ¢) we show the same for empirical
phylogenies. Both panels b) and c) are a subsample of a greater number of phylogenies. When
assessing each phylogeny individually, it appears at first as if the shift rate through time can
change erratically, and it is different from phylogeny to phylogeny. Some shift histories may
seem to match with prior knowledge in the group, for example in mammals the shifts were
most prevalent briefly before the Cretaceous-Paleogene boundary, and in rosids there is a
steady amount of rate shifts until very close to the present. Without specific knowledge of the
particular group, however, it may be difficult to interpret what the rate shift history means.

One common pattern we noticed, was that the estimates of the rate shifts tended to
increase through time. In order to summarize this, we computed whether the mean shift rate

was higher at the present (i.t. ¢t = 0) than at the root (i.e., ¢ = tyrcea). This is shown in
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Figure S5.12: The posterior estimate for the shift rate, averaged (geometric mean) across the number of
active lineages per time slice. a) represents a summary of whether the tempo of rate shifts overall increased or
increased. If the most recent shift rate (dN /dt(t = 0)) was greater than the shift rate at the time of the most-
recent common ancestor (i.e., tmrca), then we counted the phylogeny as increasing. If not, we regarded the
model as decreasing. b) represents 9 examples from simulated trees, with true parameters » = [0.04,0.07,0.10],
€ =2/3 and n = 0.0008. The (in total 500) trees were simulated for a period of 90 Ma, see the previous section
for more details on the simulation setup. Panel ¢) shows 12 of the empirical phylogenies, specifically the ones
featured in Fig. 2. Note that the posterior estimate for the shift rate at the present (i.e., dN/dt(t = 0)) is
equal to the estimate for the shift rate parameter 7. In about 80-96% of the phylogenies, the shift rate was
overall increasing through time.

, where we recorded between 80-96% phylogenies as having a shift rate estimate
that was increasing through time within the phylogeny. This includes simulated phylogenies
where the true shift rate is known, and is constant throughout all lineages and across time.
For almost all (96%) of the simulated phylogenies we inferred a pattern of increasing shift rate
through time.

In part this may seem reasonable, as if one were to consider a realized birth-death-shift

history, then at the root of the tree there has not elapsed enough time for any rate shift event
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to occur, and therefore the estimate for the shift rate should be small. Interestingly, the mean
shift rate at the present (i.e., ¢t = 0) matches almost perfectly with the true shift rate when
we set the parameter to the true value (7 = 0.0008). However, the posterior estimate for the
instantaneous shift rate tends to be smaller in older parts of the phylogeny. We argue that the
branch-specific estimates of the shift-rate corroborates the pattern for the among-phylogeny

estimates.
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Assessing the age-scaling effect by analyzing subtrees of the ray-finned fish tree
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Figure S5.13: Each point represents a subtree in the ray-finned fish phylogeny (Rabosky et al., |2018). We
included all subtrees that were represented by at least 30 species. Panels a) and b) depict the same scatter
points, however in b) the y-axis has been truncated to remove the bottom portion of the points. We cut off the
y-axis likewise in the bottom row, panels ¢) and d). Disregarding the clades for which we estimated none or
negligibly small diversification rate variation (i.e., n < 1075)7 there is a negative scaling effect, in that young
and species-rich clades exhibit far more diversification rate shifts per time than older and more established
clades.

We also investigated the number of rate shift changes and its time-scaling effect on an empirical
tree, the ray-finned fish phylogeny (Rabosky et all |2018). To do so, we found all subtrees for
the fish phylogeny that had at least 30 taxa represented at the present. This resulted in a total
of 1035 subtrees. They ranged in tree height from approximately 2 million years (a cichlid
subclade) to 330 million years, representing one of the earliest diverging lineages. For 310
subtrees, we estimated that there was none or negligibly small diversification rate variation
(i.e., a shift rate of n < 107°). These trees were all represented by relatively few taxa (< 360
no. taxa, .

The fish phylogeny is relatively large, and most splits starting from the root have many
more than 30 living descendants. This means that many of the subtrees in are also

represented by their immediate left and right descendant clades. In other words, the dots in

Fig. 55.13| are pseudoreplicates and are strongly correlated in a phylogenetic manner.
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Young and species-rich clades like cichlids and icefishes appear to exhibit far more diver-
sification rate shifts than older and more established clades. In particular, one clade showed
an extreme amount of diversification rate shifts with n ~ 20. There are also a few other
clades with a similar estimate for the number of rate shifts per time panel b).
We argue that these extreme estimates are not robust, and arise due to how the phylogeny
was reconstructed. Several internal branches in these clades have lengths of near zero, as if
a polytomy resolving technique had been used, and do not appear to be distributed across
a range of branch lengths as would be expected under a birth-death (or birth-death-shift)
process. Thus, while cichlids, icefishes and other highly-diversifying clades certainly exhibit
significant diversification rate variation, we consider the specific estimates for branch-specific

diversification rates, and diversification rate shifts in these clades to be unreliable.

Nevertheless, the big picture from points to a strong negative relationship
between the diversification shift rate (n) and the tree height, even within a single empirical
phylogeny. Young and species-rich clades appear to have undergone far more diversification

rate shifts per time than older and more established clades.
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Technical details on estimating the parameters

In the birth-death-shift model, there are three parameters that govern how the branching
process behaves. These are 5\, i1, which control the mean of the speciation and extinction rate

distributions, and the shift rate n which controls how often diversification rate shifts occur

(Table S5.3)).

the parameter controlling the mean of the speciation rate distribution
the parameter controlling the mean of the extinction rate distribution
the parameter controlling how often diversification rate shifts occur

n quantiles from LogNormal(log(\), sd=0.587)
n quantiles from LogNormal(log(f), sd=0.587)

T IS D >

(A\,p) | all pairwise combinations of X, fi.

Table S5.3: Summary of parameters in the birth-death-shift model. The number of rate quantiles used is n,
and the number of rate categories in (A,u) is K = n?. The standard deviation of the log-normal distributions
is set to 0.587 unless otherwise specified, which results in a log-normal distribution whose 2.5%-97.5% quantile
spans one order of magnitude. The rate categories (A,ut) are entirely determined by 5\, & and n.

In a simulation study, the parameters (5\, ft,n) are known without error. For empirical
phylogenies, however, these are not known and must be estimated from the phylogeny. We
chose to estimate the parameters by finding the parameter values that maximize the likelihood
of the parameters given the phylogeny. We explored several ways of finding the maximum
likelihood estimates using numerical optimization algorithms. In doing so, we discovered
several scenarios in which the estimation procedure does not work well, or produced incoherent

results. In a short list, these include:

(a) If the extinction rate (7i) is greater than the speciation rate (\)
(b) If the shift rate (1) is too high, for example greater than the speciation or extinction
rate (X or /i)

(c) If any of the parameters are too large
(d) If any of the parameters are too small
(e) If there are too few species in the phylogeny (e.g. < 25)

For this reason, we decided to impose several constraints on the optimization procedure. First,
we imposed the constraint that 5n < A > i1, by introducing three dummy variables, z1, x2
and z3. We defined n = x1, u = x9, and A = maximum(5z1,x3) + x3, and optimizing over
those transformed variables instead. This has an effect of imposing that the overall net-
diversification is positive (remedying problem a), and that the shift rate is relatively small
(remedying problem b). In the final rate categories A, u, however, the net-diversification is

allowed to be negative.
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For the optimization algorithm, we decided to use Newton’s method, since it is known to
have fast (quadratic) convergence. Newton’s method is a stepwise updating approach, where

the next step ;11 is updated as
iv1 = G — kH(5:) "'V f(5), (S5.12)

where ¥; is the current position, and k is some step size coefficient. V f(#;) is the gradient of
the target function (i.e., the first derivatives of the negative log likelihood) evaluated at ¢;, and
H(y;) is the Hessian matrix (i.e., the second derivatives of the negative log likelihood) evaluated
at 4;. 9o is some starting point. We used automatic differentiation to compute the derivatives
(Revels et al., 2016]), and we used the implementation of (Mogensen and Riseth| [2018) for
Newton’s method. Newton’s method is more computationally expensive than gradient-free
methods or gradient descent per iteration, as it requires one to compute and invert the Hessian
matrix. The extra computational cost is in practice not a problem, as it is outweighed by the
fast convergence of Newton’s method, and we typically need few (< 50) iterations before
convergence is reached. One challenge with Newton’s method is, however, that it only works
for a problem where the parameters are unconstrained, i.e., ¢ must be allowed to vary between
—oo and +00. As a fix, we re-transformed our parameters x1, xs, r3 using a logistic function

with soft boundaries:
U-L

9(y)

Here, U is the upper limit, L is the lower limit, M = (U + L)/2 is the midpoint, and s = 1/2

is a steepness coefficient. The inverse function is

1 U-L
hiz)=M—-~-log| —— -1, S5.14
(@) =M= g (S 1) (55.14)
and we used lower limits L € {1078,107%,107*}, upper limits U € {0.3,1.0,1.0} for z,
To, x3, respectively. Since this transform effectively maps our constrained parameters to an
unconstrained space, we can use Newton’s method to optimize for the maximum likelihood

parameters. By imposing lower and upper limits for our parameters, we remedy problems c)
and d).

The choice of starting point 7y also has an impact on the optimization procedure. We
observed that, if different starting points ¢y are chosen, the optimization routine will find
different (local) maximum likelihood regions. In other words, if the procedure is run a few
times, it may reach two or more different solutions. Although the log-likelihood values may not
be too different, the inferred position, size and number of rate shift events on the phylogeny
may vary. For example, one may get a solution A which represents one large rate shift on one
branch, and a solution B which represents several smaller diversification rate shifts on several

branches in different parts of the phylogeny. When running the analyses on an empirical
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phylogeny, we therefore strongly recommend to repeat the inference procedure several times,
and to pick the solution that maximizes the (global) likelihood.

In the inference procedure, we opted for using a random starting position . First, we
estimated the net-diversification rate (rcgpp > 0) and the extinction rate (ucpp > 0) under
the constant-rate (i.e., lineage-homogeneous) birth-death model (CBD). With these estimates,

we set up three distributions:

d; ~ LogNormal(log(0.01),sd = 0.5)
dy ~ LogNormal(log(ucpp),sd = 0.5) (S5.15)
d3 ~ LogNormal(log(rcgp),sd = 0.5).

We drew random starting points x1, €2, x3 from the distributions di, d2, d3, which we trans-
formed to the parameters y1, y2, y3 using

For problem e), we simply decided not to assess the birth-death-shift model for phylogenies
with fewer than 50 taxa. This is not a big problem, as inferences made from such phylogenies
will anyways be unreliable, and it is perhaps better to make the simplifying assumption that

there is no among-lineage rate variation.
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S6.1 Empirical datatsets
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Figure S6.1: Summary statistics on the chronograms used in analyses from (Henao Diaz et al.,[2019). A,D,G)
Distribution of the number of tips per phylogeny. B,E,;H) Distribution of incomplete-sampling percentage per
phylogeny. C,F,I) Distribution of the age of the most recent comment ancestor. A-C) Summary statistics for
the full dataset in this study. D-F) Summary statistics for the ’complete converged dataset’ (only includes
trees that reached convergence for all methods, n=43). G-I) Summary statistics for the ’"Complete convergence
dataset’ (only includes tree that reached convergence for all methods except LSBDS, n = 65)
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S6.2 Convergence

Table S6.1: The chronograms that form part of the complete and partial convergence data subsets. The
complete convergence subset includes trees that converged across all methods: LSBDS, BAMM, ClaDS2, and
MTBD. The partial convergence subset includes trees that converged across all methods but LSBDS. The
abbreviations are borrowed from the [Henao Diaz et al|(2019) paper.

Abbrev. Clade Complete Partial Citation
convergence convergence

A2016 Viperidae TRUE TRUE Alencar et al.l (]2016[)
A2017 Costaceae TRUE TRUE André et al.l (]2016[)
B2016 Onthophagus TRUE TRUE Breeschoten et al.| (2016)
BR2017 Actinopterygii FALSE FALSE Betancur-R et al.| (2017)
C2015 Ovalentaria TRUE TRUE Campanella et al| (2015)
C2017 Coronellini TRUE TRUE Chen et al. (2017)
D2018 Dytiscidae FALSE TRUE Désamoré et al.| (2018)
F2017 Cichlidae TRUE TRUE Missing in [Henao Diaz et al(2019)
G2011 Ceanothus TRUE TRUE Goldberg et al| (2011)
G2017 Scolytinae FALSE FALSE Gohli et al.| (2017
H2007 Pinnipedia TRUE TRUE Higdon et al.| (2007
H2016 Cracidae TRUE TRUE Hosner et al.l 2016[)
H2017 Ctenitis TRUE TRUE Hennequin et al.l q2017l)
HI2017 Quercus TRUE TRUE Hipp et al.| (2018
12011 Sebastes TRUE TRUE Ingram)| (2011
12016 Anolis FALSE TRUE Ingram et al. (2016)
1L2017 Heliconia TRUE TRUE Tles et al.| (2017
JO2016 Corvides TRUE TRUE Jonsson et al.| (2016
12012 Coniferophyta; FALSE FALSE Leslie et al. (IM

Pinidae
L2013 Rhododendron  sec- TRUE TRUE Neupane et al. (2017)

tion Vireya

L2014 Agama TRUE TRUE Leaché et al.| (2014)

L2016 Odonata FALSE TRUE Letsch et al| (2016

L2017 Lobelioidae TRUE TRUE Lagomarsino et al. (]2017'}

MC2016a Balistidaea TRUE TRUE McCord and Westneat 2016')

MC2016b Monacanthidae FALSE TRUE McCord and Westneat 2016[)

N2017a Spermacoceae TRUE TRUE Neupane et al,l 42017[)

P2016 Cephalotes TRUE TRUE Price et al.| (2016

P2017 Testudinata FALSE FALSE Pereira et al.| (2017

PB2014 Squamata FALSE FALSE Pyron and Burbrink] (2014)

pgl646 Pinnipedia FALSE TRUE Higdon et al.| (2007)

pgl953 Furnariidae TRUE TRUE Derryberry et al. (201 1[)

pg2575 Passeriformes TRUE TRUE Barker et al| (2013

pg2576 Actinopterygii FALSE FALSE Betancur-R et al. 2017[)

pg2659 Otophysi TRUE TRUE Chen et al.l (]2013

pg2689 Lupinus TRUE TRUE Drummond et al.| (2012b)

pg2850 Columbidae TRUE TRUE Cibois et al. (2014)

pg2853 Trochilidae TRUE TRUE Désamoré et al.| 42018[)

PRE2017 Temnothrorax TRUE TRUE Prebus| (2017)

R2013 Mormoopidae & TRUE TRUE Rojas et al] (2013)
Phyllostomidae

R2018 Phymaturus FALSE TRUE |Reaney et al.| (]2018')

Continued on next page
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Table S6.1 — continued from previous page

Abbrev. Clade Complete Partial Citation
convergence convergence

S2012 Carnivora FALSE TRUE Slater et al. (2012)
S2014 Poaceae FALSE FALSE Spriggs et al. (]2014[)
S2015 Galliformes TRUE TRUE Stein et al.| (2015
S2018.01 Elasmobranchii FALSE FALSE Stein et al.| (2018
SA2016 Columbiformes TRUE TRUE Soares et al. 42016
SamplePrimates  Primates TRUE TRUE Missing in |Henao Diaz et al.| (]2019')
SampleWhale Ballenidae TRUE TRUE Steeman et al.| (2009)
SH2015 Chiroptera FALSE TRUE Shi and Rabosky| (2015)
SH2016 Pectinidae FALSE TRUE Sherratt et al.| (2016)
S02017 Aedes TRUE TRUE Soghigian et al. 42017I)
ST2017 Astacoidea & Paras- FALSE TRUE Stern et al. @p

tacoidea
SW2014 Pergidae TRUE TRUE Schmidt and Walter| (2014)
T2015 Myrtaceae TRUE TRUE Thornhill et al. (]2015
T2018 Cetartiodactyla TRUE TRUE Toljagi¢ et al.| (2018)
TE201602 Aspleniaceae FALSE TRUE Testo and Sundue] (2016
TE201603 Athyriaceae TRUE TRUE Testo and Sundue, (2016
TE201604 Blechnaceae TRUE TRUE Testo and Sundue] (2016
TE201607 Cyatheaceae FALSE TRUE Testo and Sundue]| (2016
TE201608 Cystopteridaceae FALSE TRUE Testo and Sundue] (2016
TE201610 Dennstaedtiaceae FALSE TRUE Testo and Sundue, (2016
TE201614 Dryopteridaceae FALSE FALSE Testo and Sunduel (2016
TE201616 Gleicheniaceae FALSE TRUE Testo and Sundue] (2016
TE201617 Hymenophyllaceae FALSE TRUE Testo and Sundue, (2016
TE201619 Lindsaeaceae TRUE TRUE Testo and Sundue]| (2016
TE201620 Lomariopsidaceae FALSE TRUE Testo and Sundue]| (2016
TE201624 Marattiaceae FALSE TRUE Testo and Sundue, (2016
TE201625 Marsileaceae FALSE TRUE Testo and Sundue]| (2016
TE201631 Ophioglossaceae FALSE TRUE Testo and Sundue] (2016
TE201634 Polypodiaceae FALSE FALSE Testo and Sundue, (2016
TE201636 Pteridaceae TRUE TRUE Testo and Sundue]| (2016
TE201641 Tectariaceae TRUE TRUE Testo and Sundue, (2016
TE201642 Thelypteridaceae FALSE TRUE Testo and Sundue, (2016
UC2015 Rhinantheae FALSE TRUE Uribe-Convers and Tankl (12015[)
VA2017b Myrteae FALSE FALSE Vasconcelos et al.| (2017)
W2013 Vitis TRUE TRUE Wan et al.| (2013)
WS2017.01 Anisoptera TRUE TRUE ‘Waller and Svensson| (2017
WS2017.02 Zygoptera FALSE FALSE ‘Waller and Svensson| (2017

S6.3 Methods comparison
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Figure S6.2: Comparison of convergence. Phylogeneies where converged was reached across all five methods
n = 43 (Blue); Phylogeneies where converge was not reached for one or more methods n=33 (Red). A-B)
Multidimensional scaling of phylogeny by, A) Kuhner-Felsenestin distance matrix and by, B) Robinson-Fould
distance matrix. C) Size of the phylogeny in terms of number of tips. D) Age of the oldest nodes in the
phylogeny. E) Percent incomplete sampling incorporated into diversification analysis. F) Variance of branch
lengths of phylogenies. C-F) T-test performed between converged and unconverged phylogenies. P-value of
T-test displayed (*: 0.05>P-value>0.01; **: 0.01>P-value>0.001; ***: 0.001>P-value).
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Table S6.2: Post-hoc pairwise comparisons of variance summary statistics

Summary Ratio of . Tukey adjusted  Variance explained by -
statistic (rate) Contrast Geometric Means Standard error . ratio p-value Random Effect (%) Signif.
Speciation BAMM / ClaDS2 7.00E-07 4.00E-04 -11.8382 0 60.12 Hoxk
BAMM / PESTO 0.0033 0.0021 -9.2785 0 HoHK
BAMM / MTBD 0.4084 0.2509 -1.4577 0.465 N.S.
ClaDS2 / PESTO 4.8196 2.9612 2.5597 0.054 N.S.
ClaDS2 / MTBD 588.653 361.6703 10.3805 0 ok
PESTO / MTBD 122.1364 75.041 7.8208 2.13E-12 60.12 HoHk
Extinction BAMM / ClaDS2 0.0041 0.0041 -5.5293 6.32E-07 HoHE
BAMM / PESTO 15.2876 15.1724 2.7478 0.033 *
BAMM / MTBD 1.2546 1.2451 0.2285 0.996 N.S.
ClaDS2 / PESTO 3694.5857 3666.7289 8.277 1.17E-13 ok
ClaDS2 / MTBD 303.192 300.9059 5.7578 2.03E-07 HoHk
PESTO / MTBD 0.0821 0.0814 -2.5193 0.060 N.S.
Diversification ~BAMM / ClaDS2 5.00E-04 3.00E-04 -11.6464 0 54.99 HHE
BAMM / PESTO 0.0014 9.00E-04 -9.9236 0 Hork
BAMM / MTBD 0.401 0.2649 -1.3832 0.511 N.S.
ClaDS2 / PESTO 3.1214 2.0623 1.7228 0.315 N.S.
ClaDS2 / MTBD 880.9356 582.0436 10.2632 0 HoHk
PESTO / MTBD 282.2281 186.4711 8.5404 7.44E-15 HoHE
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Figure S6.3: Comparison of summary statistics across the Partial Convergence dataset which excludes
LSBDS. The distributions of averages is shown in 7C in the main text. (A) Variances of speciation
rates, (B) Variance of extinction rate, (C) Variance of net diversification rate. P-value of linear mixed model
displayed (*: 0.05>P-value>0.01; **: 0.01>P-value>0.001; ***: 0.001>P-value)
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Figure S6.4: Comparison of summary statistics across methods for the complete convergence subset which
includes all methods. (A) Average speciation rate, (B) Average extinction rate, (C) Average net diversification
rate, (D) Variances of speciation rates, (E) Variance of extinction rate, (F) Variance of net diversification

rate. P-value of linear mixed model displayed (*: 0.05>P-value>0.01; **: 0.01>P-value>0.001; ***: 0.001>P-
value).
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Figure S6.5: Matrix showing the three fastest lineages for each method in the partial convergence subset.
Numbers over the photos indicate the estimated tree-wide mean net-diversification rate. All photos by CMT
except for Rhinantheae, by Fabien Anthelme (CC).
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S6.4 Quantifying uncertainty in rate estimates

S6.4.1 Uncertainty Methods

To quantify how methods differ in terms of the uncertainty of their branch rate estimates, we
calculated the 95% HPD interval for all net diversification branch estimates for all trees. We
used the complete convergence subset in order to include LSBDS, however our results hold
for the partial subset as well. This analysis excludes PESTO, as PESTO directly infers the
posterior mean and thus does not estimate a posterior distribution from which an HPD interval
could be inferred. Using the HPD intervals, we calculated two metrics. First, we calculated
the HPD interval overlap ratio (HPD IOR) between pairs of methods by taking the length
of overlap between two HPD intervals and dividing it by the length of the union of the two
HPD intervals, where the union is the total “distance” spanned by the two intervals. An HPD
IOR of 1 is signifies complete overlap while 0 signifies no overlap. This measure quantifies
the similarity of HPD intervals across all branches and methods. Second, we quantified the
average precision of the uncertainty—in other words, the breadth of the 95% HPD interval
for estimates from RevBayes, CLaDS2, BAMM, and MTBD. We used a linear mixed model to test

for statistical differences between these interval breadths:

log(95% HPD interval breadth) = X5 + Zi + r, (S6.1)

with inference method as a fixed-effect categorical predictor (effect sizes ), branch as a random
effect categorical predictor (i), and an error term r, we tested if the least-squares means of
each pair of methods were statistically different using Tukey’s corrected p-value for multiple

comparisons.

S6.4.2 Uncertainty results

When comparing the HPD IOR between methods we observed the same general trends that
we observed in our MSE result (Fig. S6.6 [Fig. 6.2B). CLaDS2 differed the most, on average a
lower overlap ration when compared to all other methods comparisons BAMM-RevBayes
and BAMM-MTBD show high overlap, and MTBD-RevBayes shows higher overlap than any CLaDS2
comparison but is lower than BAMM-RevBayes and BAMM-MTBD.

On average HPD IOR for all comparison was less than 20% . This indicates that on

average most of the methods are inferring different rates for a particular branch. However,

for some branches—excluding CLaDS2-RevBayes and CLaDS2-MTBD—there was nearly complete
overlap in HPD intervals (i.e., HPD IOR near 1) suggesting that in these cases the methods
infer nearly the same rate and uncertainty range. Branch-dependent agreement in method
is generally consistent with our qualitative assessment of painted trees in the main

text). There were certain trees where methods inferred the same values, but generally for
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most phylogenies the methods inferred different rates and rate shifts.

When considering HPD interval length in net-diversification estimates, a post-hoc pair-
wise comparison of methods found that significant difference amongst all contrast except for
RevBayes and MTBD (Table [S6.3). Interestingly, CLaDS2 has 95% HPD intervals are at least
1.97 standard deviation longer than all other methods (ClaDS2 vs. BAMM: d = 2.3240, SD =
0.00994; ClaDS2 vs. MTBD: d = 2.0002, SD = 0.00994; ClaDS2 vs.LSBDS: d = 1.9778, SD
= 0.00994) This was surprising given that comparisons that included CLaDS2 had the lowest
overlap. Collectively, these corroborate our results based on summary statistics of method
dependent difference. Moreover, our results highlight that often times methods are inferring
partially overlapping distribution and therefore the entire posterior distribution should be

examined when drawing conclusion.
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Figure S6.6: The extent to which the 95 % HPD intervals for net-diversification estimates overlap of the
partial convergence subset. Violin plots correspond to pairs of methods (eg. BAMM and LSBDS).
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Figure S6.7: Pairwise mean squared error (MSE) between inference methods of phylogenies with branch
lengths scaled by rates (A,D) speciation, (B,E) extinction, and (C,F) net diversification), plotted on a log scale.
Split colors correspond to inference method color in FIG 2A—C. Distributions closer to zero indicate that the
inference methods produced more similar rate estimates, whereas higher values indicate greater dissimilarity.
(A-C) Data subsetted by median age of the phylogeny into older and younger phylogenies.

Table S6.3: Post-hoc pairwise comparisons of inference methods on HPD interval length. Peformed on the
"complete convergence dataset" Columns contain the, contrasts of inference methods, the ratios of geometric
means, standard errors, degrees of freedom, t-ratios, Tukey-adjusted p-values, significances.

Contrasts Means Ra- SE DF Z- Adj. Sig.
tio Ratio P-
Value
ClaDS2 / BAMM  4.431 0.02822 Inf 233.787 <.0001 ¥
ClaDS2 / MTBD  3.601 0.02293 Inf 1 <.0001 Fk*
201.219
ClaDS2 / LSBDS  3.550 0.02260 Inf 198.960 <.0001 ***
BAMM / MTBD  0.813 0.00518 Inf - <.0001 F*k*
32.568
BAMM / LSBDS  0.801 0.00510 Inf -34 <.0001 F*x*
827

MTBD / LSBDS  0.986 0.00628 Inf -2.258  0.1080
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Figure S6.8: Comparison of HPD length of net-diversification across all branches of all trees in the partial
convergence subset. P-value of linear mixed model with branch as random effect displayed (*: 0.05>P-
value>0.01; **: 0.01>P-value>0.001; ***: 0.001>P-value).

S6.5 Results for individual chronograms

In the published version of the manuscript, we included a figure for each chronogram in the
partial convergence subset. To avoid excessive page count, the chronograms are omitted in
this thesis.
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