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1
INTRODUCTION

All good things are wild and free.

Henry David Thoreau

Species evolution is a complex process that has been studied formally for more than
200 years (Ragan, 2009) but, even today, it presents us with more questions than answers.
In its essence evolutionary biology focuses on two main questions: how and why did
species diversify into the enormous variety of diversity that we see today? The first is a
descriptive study, whereas the second is an explanatory endeavour.

To answer how species diversified, novel DNA sequencing techniques that were de-
veloped in the early 1990s and that were perfected in the past two decades, have been
vital. Their precision and high-throughput nature have made inference of large phyloge-
nies possible. Some examples of large scale phylogenies are the tree of birds (Jetz et al.,
2012), the tree of mammals (Upham et al., 2019), and the recently released tree of plants
(Ramírez-Barahona et al., 2020). Continuous efforts are made to complete the tree of life
(Hug et al., 2016; Hedges et al., 2015a), although the accuracy of these large trees remains
debated (Patel et al., 2013).

Assuming, as a starting point, that current descriptions on how species diversified, i.e,
the underlying phylogenies, are correct, the field of research on the underlying macroevo-
lutionary mechanisms that drive such processes is relatively young but growing (Pagel,
1999). New advancements in phylogenetics are bringing insights into hypotheses that
were difficult to test quantitatively before. The aim of this thesis is to contribute to the
development of methodologies to answer the question: “What are the drivers of species
diversification processes?”

Species diversification is a highly complex process, comprising constantly emerging
effects at multiple scales interacting with each other. That is a general reason why finding
a general quantitative method for analysing the drivers of biodiversity has remained
elusive. This thesis lies at the intersection of macroevolution and statistical modelling;
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2 1. INTRODUCTION

(a) Phylogeny of Birds provided by Jetz
et. al. (Jetz et al., 2012) in 2012.

(b) Phylogeny of Mammals provided by
Upham et. al. (Upham et al., 2019) in
2019.

(c) Phylogeny of plants provided by
Ramirez et. al. (Ramírez-Barahona
et al., 2020) in 2020.

Figure 1.1 | Three large phylogenies that have recently been published.

we here present a general approach for quantitative inference over a flexible class of
diversification models.

1.1. SPECIES DIVERSIFICATION MODELS

The theory of species diversification models (SDM) and the first mathematical the-
ory of macroevolution date back to the 1920s when Yule started to develop models for
diversification (Aldous, 2001). Yule characterised the evolutionary process as a combi-
nation of several stochastic processes, governed by speciation rates. Kendall et al. (1948)
generalised Yule’s results providing formulas for a process with constant speciation and
extinction rates as well as diversification rates varying as a function of time. He also
provided explicit expressions for the survival probability of the process. Much progress
was achieved in the second half of the last century (Gould et al., 1977; Stanley, 1973;
Raup et al., 1973; Reynolds, 1973, e.g.), where mathematical derivations were provided to
quantify the effects of ecological dynamics on evolutionary processes described by full
phylogenies, but the real application of these methods remained elusive because of the
poverty of the fossil record leading to a lack of information on extinct branches. It was not
until the 1990s when Nee et. al. presented their seminal paper on mathematical theory of
the reconstructed process (Nee et al., 1994), which considers extant species phylogenies
to infer speciation and extinction rates. That allowed evolutionary biologists to test the
developed mathematical theories with modern phylogenies.

The Yule process does not describe real phylogenies well (Blum and François, 2006),
and species diversification models require more complex elaborations (Caron and Pie,
2020) and significant effort to satisfy both sensible biological and mathematical properties
(Popovic, 2004). Biologically we would like to include many potential factors in our
model taking into account the complexity of evolutionary processes, mathematically
we would like to include chaotic dynamics well described by randomness or stochastic
differential equations and statistically we would like to preserve identifiability. Since Nee’s
theory was developed, a large number of SDMs have been designed and tested using real



1.1. SPECIES DIVERSIFICATION MODELS 3

phylogenies. The utility of species diversification models resides in the option to quantify
the relationship of potential covariates that could be related to species diversification
processes defined by speciation and extinction rates,

λt ,s|β = g1

(
p∑
i
β1i vsi

)
and µt ,s|β = g2

(
p∑
i
β2i vsi

)
(1.1)

where a new species emerges from species s at time t with a speciation rate λt ,s|β, which
might be an arbitrarily (continous) function g1 of a linear combination of, potentially,
species-specific covariates {vs1, ..., vsp }, and species can become extinct with an extinction
rate µt ,s|β. Phylogenetic trees are the result of these multiple events of speciation and
extinction.

For example, various SDMs have been developed to test if diversification rates are
related to the age of the species (Hagen et al., 2015), to paleo-enviromental changes
(Descombes et al., 2018), to geographic patterns (Goldberg et al., 2011), to time and space
(Silvestro et al., 2011), to a specific time dependency with key role in mass extinctions
(Höhna, 2015), to species characters (Maddison et al., 2007; Beaulieu and O’Meara, 2016;
Herrera-Alsina et al., 2019), to ecological fitness (Rasmussen and Stadler, 2019), to latitude
(Schluter, 2016), to overall species diversity (Condamine et al., 2019; Etienne et al., 2012a),
or whether speciation times are protracted (Lambert et al., 2015; Etienne et al., 2014), just
to name a few. These individual models have created a kaleidoscopic view of the species
diversification process, although their application in real phylogenies has been criticised
(Rabosky, 2010, 2016), especially when estimating extinction rates from extant species
phylogenies.

The statistical methods of this thesis can be used to test potentially any of the above-
mentioned scenarios. We seek a unified methodology that considers complex interactions.
Still, given that the list of possible factors affecting biodiversity is endless, we decided
to focus all our illustrations on a specific class of models, the diversity-dependent (DD)
diversification models. These models are relevant, because diversity can act as a proxy for
many other ecological interactions.

1.1.1. DIVERSITY-DEPENDENT DIVERSIFICATION MODELS AND THE EFFECT

OF ECOLOGICAL INTERACTIONS ON MACROEVOLUTIONARY PROCESSES

The presence of ecological limits to macroevolutionary processes has been hotly
debated (Harmon and Harrison, 2015; Rabosky and Hurlbert, 2015). The simple and
intuitive idea underlying models of diversity-dependent diversification is that speciation
declines as diversity increases because the number of niches available to speciate into
will decrease as more niches become occupied. This is often translated into a linear
diversity-dependence as follows:

λt ;β =λ0 −βN nt ; µt ;β =µ0, λ0 > 0,βN > 0,µ0 > 0 (1.2)

where λt ;β is the individual speciation rate, nt the number of extant species and µt ,β

represents the individual extinction rate at time t , while λ0,µ0,βN are parameters rep-
resenting the initial speciation rate, the initial extinction rate and the decreasing slope
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of speciation rate per species respectively. In this model the quantity K ′ =λ0/βN is the
value for which the size nt of a clade reaches a limit and cannot expand further as λt ;β = 0.
The carrying capacity K is the value of diversity where the speciation and extinction rates
equal one another, and this is related to K ′ via K = (λ0 −µ0)K ′/λ0. Thus, it is usually
assumed that λ0 is positive and βN is either negative or zero according to the idea that
the more species there are the less room there is for new species (Etienne et al., 2012b).

This model, even though it is currently widely used (Condamine et al., 2019), is a
simplification of the role that diversity plays in diversification. In the first place, it as-
sumes that ecological limits to diversification are fixed in time, which is often not realistic
(Marshall and Quental, 2016). Secondly, it assumes that diversity always has a negative
effect on speciation, and hence that speciation rates cannot become larger than the
initial speciation rate. Third, it uses species richness as a proxy for diversity, while in the
ecological literature other measurements of diversity have been pointed out to be more
representative (Magurran, 2013; Chao et al., 2014). Fourth, it assumes that all species
have the same probability of speciating, ignoring that species might occupy different
ecological niches depending on their similarities and differences. Current inference mod-
els for diversity-dependent diversification, however, rely on these simplifications. While
they can handle increasing rates of speciation as diversity increases or time-dependent
diversification rates, they cannot deal with other measures of diversity or with differential
rates between lineages, although some recent progress has been made (Laudanno et al.,
2020a). In this thesis I will develop methodology to enable inference under such more
complex models of diversity-dependent species diversification.

The main component in the generalisations presented in this thesis is the incorpora-
tion of phylogenetic variation contained in clades of species. Thus, in Chapters 2 and 3 we
consider the phylogenetic diversity of the clade, as a function of time, in the phylogenetic
diversity-dependent diversification model:

λt |θ =λ0 +βnnt +βp
pt − t

nt
; µt |β =µ0 (1.3)

where pt is the phylogenetic diversity at time t . The quantity pt−t
nt

corresponds to the
phylogenetic diversity per species at time t . Note that by subtracting t the phylogenetic
diversity per species in the case of a single species stays 0, as required.

In Chapter 4 we focus on lineage-dependent diversification models where diversifica-
tion rates depend on the phylogenetic uniqueness of species:

λt ,s|θ =λ0 +βN nt +βP
(Pt ,s − P̄t )

nt
; µt ;β =µ0 (1.4)

where Pt ,s is a measure of the phylogenetic uniqueness of species s at time t and P̄t =∑
s Pt ,s /nt is a measure of the overall phylogenetic diversity in the clade.

1.1.2. EXAMPLE

In Figure 1.2, we consider an example phylogenetic tree. The plots underneath de-
scribe different quantities included in the evolutionary process: species richness, global
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Figure 1.2 | Visualization of various types of diversity. At the top we see a phylogenetic tree of extant species,
corresponding to the clade Bucconidae. The second plot is the global phylogenetic diversity per species through
time. The third plot corresponds to the number of lineages through time. The final plot shows the mean pairwise
phylogenetic diversity and the normalised pairwise phylogenetic diversity per species through time.

phylogenetic diversity, and mean pairwise phylogenetic diversity, respectively. We calcu-
late the P matrix of pairwise phylogenetic diversity for four different times t . At time t = 1
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the tree has only two species, so the P matrix is

P (1) =
[

0 1
1 0

]
When new species emerge, the P matrix increases in dimensions. At t = 10 the pairwise
phylogenetic distances can be summarised with the matrix

P (10) =



0 10 6.8 10 10 2.8 10
10 0 10 3.3 2.9 10 2.9
6.8 10 0 10 10 6.8 10
10 3.3 10 0 3.3 10 3.3
10 2.9 10 3.3 0 10 2
2.8 10 6.8 10 10 0 10
10 2.9 10 3.3 2 10 0


while at time t = 20 the matrix is

P (20) =



0 20 16.8 20 20 12.8 20 20 20 20 20 20 1.2
20 0 20 13.3 12.9 20 12.9 7.6 12.9 13.3 2.2 13.3 20

16.8 20 0 20 20 16.8 20 20 20 20 20 20 16.8
20 13.3 20 0 13.3 20 13.3 13.3 13.3 3.3 13.3 3.3 20
20 12.9 20 13.3 0 20 12 12.9 12 13.3 12.9 13.3 20

12.8 20 16.8 20 20 0 20 20 20 20 20 20 12.8
20 12.9 20 13.3 12 20 0 12.9 5 13.3 12.9 13.3 20
20 7.6 20 13.3 12.9 20 12.9 0 12.9 13.3 7.6 13.3 20
20 12.9 20 13.3 12 20 5 12.9 0 13.3 12.9 13.3 20
20 13.3 20 3.3 13.3 20 13.3 13.3 13.3 0 13.3 1.8 20
20 2.2 20 13.3 12.9 20 12.9 7.6 12.9 13.3 0 13.3 20
20 13.3 20 3.3 13.3 20 13.3 13.3 13.3 1.8 13.3 0 20
1.2 20 16.8 20 20 12.8 20 20 20 20 20 20 0



and at time t = 30 the matrix has 25 rows and columns.

P (30) =



0 30 26.8 30 30 22.8 30 30 30 30 30 30 11.2 30 11.2 26.8 30 30 30 11.2 11.2 22.8 30 30 30

30 0 30 23.3 22.9 30 22.9 17.6 22.9 23.3 12.2 23.3 30 9.8 30 30 12.2 23.3 17.6 30 30 30 9.8 23.3 23.3

26.8 30 0 30 30 26.8 30 30 30 30 30 30 26.8 30 26.8 6 30 30 30 26.8 26.8 26.8 30 30 30

30 23.3 30 0 23.3 30 23.3 23.3 23.3 13.3 23.3 13.3 30 23.3 30 30 23.3 13.3 23.3 30 30 30 23.3 13.3 13.3

30 22.9 30 23.3 0 30 22 22.9 22 23.3 22.9 23.3 30 22.9 30 30 22.9 23.3 22.9 30 30 30 22.9 23.3 23.3

22.8 30 26.8 30 30 0 30 30 30 30 30 30 22.8 30 22.8 26.8 30 30 30 22.8 22.8 1.3 30 30 30

30 22.9 30 23.3 22 30 0 22.9 15 23.3 22.9 23.3 30 22.9 30 30 22.9 23.3 22.9 30 30 30 22.9 23.3 23.3

30 17.6 30 23.3 22.9 30 22.9 0 22.9 23.3 17.6 23.3 30 17.6 30 30 17.6 23.3 4.3 30 30 30 17.6 23.3 23.3

30 22.9 30 23.3 22 30 15 22.9 0 23.3 22.9 23.3 30 22.9 30 30 22.9 23.3 22.9 30 30 30 22.9 23.3 23.3

30 23.3 30 13.3 23.3 30 23.3 23.3 23.3 0 23.3 11.8 30 23.3 30 30 23.3 11.8 23.3 30 30 30 23.3 0.9 0.7

30 12.2 30 23.3 22.9 30 22.9 17.6 22.9 23.3 0 23.3 30 12.2 30 30 5 23.3 17.6 30 30 30 12.2 23.3 23.3

30 23.3 30 13.3 23.3 30 23.3 23.3 23.3 11.8 23.3 0 30 23.3 30 30 23.3 4.4 23.3 30 30 30 23.3 11.8 11.8

11.2 30 26.8 30 30 22.8 30 30 30 30 30 30 0 30 6.1 26.8 30 30 30 3.7 3.7 22.8 30 30 30

30 9.8 30 23.3 22.9 30 22.9 17.6 22.9 23.3 12.2 23.3 30 0 30 30 12.2 23.3 17.6 30 30 30 1 23.3 23.3

11.2 30 26.8 30 30 22.8 30 30 30 30 30 30 6.1 30 0 26.8 30 30 30 6.1 6.1 22.8 30 30 30

26.8 30 6 30 30 26.8 30 30 30 30 30 30 26.8 30 26.8 0 30 30 30 26.8 26.8 26.8 30 30 30

30 12.2 30 23.3 22.9 30 22.9 17.6 22.9 23.3 5 23.3 30 12.2 30 30 0 23.3 17.6 30 30 30 12.2 23.3 23.3

30 23.3 30 13.3 23.3 30 23.3 23.3 23.3 11.8 23.3 4.4 30 23.3 30 30 23.3 0 23.3 30 30 30 23.3 11.8 11.8

30 17.6 30 23.3 22.9 30 22.9 4.3 22.9 23.3 17.6 23.3 30 17.6 30 30 17.6 23.3 0 30 30 30 17.6 23.3 23.3

11.2 30 26.8 30 30 22.8 30 30 30 30 30 30 3.7 30 6.1 26.8 30 30 30 0 3.4 22.8 30 30 30

11.2 30 26.8 30 30 22.8 30 30 30 30 30 30 3.7 30 6.1 26.8 30 30 30 3.4 0 22.8 30 30 30

22.8 30 26.8 30 30 1.3 30 30 30 30 30 30 22.8 30 22.8 26.8 30 30 30 22.8 22.8 0 30 30 30

30 9.8 30 23.3 22.9 30 22.9 17.6 22.9 23.3 12.2 23.3 30 1 30 30 12.2 23.3 17.6 30 30 30 0 23.3 23.3

30 23.3 30 13.3 23.3 30 23.3 23.3 23.3 0.9 23.3 11.8 30 23.3 30 30 23.3 11.8 23.3 30 30 30 23.3 0 0.9

30 23.3 30 13.3 23.3 30 23.3 23.3 23.3 0.7 23.3 11.8 30 23.3 30 30 23.3 11.8 23.3 30 30 30 23.3 0.9 0



1.2. THE MODE AND TEMPO OF DIVERSIFICATION PROCESSES

Mathematically, phylogenetic trees have two components: branching times and
topology (Ragan, 2009). In Figure 1.3 we see a tree and matrix representation of an
extant species tree (i.e. an ultrametric tree) and a full tree containing extinctions. The
first column represents the branching times while the next two columns represent the
topology. These two are the mathematical expressions of the mode and tempo of a
dicersification process.

While the timing (or tempo) in the tree can be represented by the total sum of rates of
the system, and hence, lineage-independent diversification models could capture such
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behaviour, the topology of the tree and hence its balance affect the diversification rates of
different lineages differently (Heard, 1996), requiring an extra level of complexity (Savage,
1983) than is available in most of the SDMs for which currently inference methods exist.

Ultrametric trees
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Figure 1.3 | Phylogenetic trees represented in a diagram and the corresponding matrix notation

In Figure 1.4 we show the mode or topology and tempo characterised by the Colless
and Gamma indices, respectively, for 218 real phylogenies. The first observation in the
plot is that real phylogenies are unbalanced, given that the Colless index is always differ-
ent from zero. The Gamma index values show variability among clades, from negative
to positive, showing that some phylogenies show slowdowns in lineage accumulating
through time, whereas others speed up. The families of the clades do not show different
tendencies among them. Various indices have been developed to capture both balance
and timing (Mir et al., 2013). In this thesis, we do not compare them, but we use two of the
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most common ones instead. However, all analyses can be easily repeated with alternative
indices.
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Figure 1.4 | Distribution of Colless and Gamma index for 5 families describing Mode and Tempo respectively.

1.3. STATISTICAL METHODOLOGIES

This thesis deals with the development of inference techniques for the mathematical
models describing the species diversification process on the basis of extant phylogenetic
trees. The inference procedure we propose relies on a number of statistical techniques
that we describe in this section.

1.3.1. THE LIKELIHOOD APPROACH

By assuming a functional form of the probability distributions of the species diversifi-
cation process, statistical testing (Casella and Berger, 2002; Pfanzagl, 2011) of a wide vari-
ety of hypotheses in macroevolution is possible. The maximum likelihood (ML) method
consists of calculating the parameters θ that maximise the probability of observing the
data y ,

θ̂ = argmax
θ

fM (y |θ).

Multiples challenges arise when performing ML estimation in the context of phylogenetic
trees, for example because covariates are typically only observed at the present but they do
contribute to speciation and extinction rates throughout the whole evolutionary process.
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A large number of packages have been developed for specific species diversification
processes, but there is no unified framework that considers all of them. This thesis is a
step towards such a framework.

Current methods to compute the likelihood of a given SDM attempt to solve the so-
called master equations or Kolmogorov equations (Carmona and Delarue, 2014). For each
species diversification model, a new likelihood needs to be calculated, if at all possible.
In this thesis, we implemented a different approach, that does not require solving any
master equations.

1.3.2. EM ALGORITHM

In Chapters 2 and 3 we make use of a novel implementation of the EM algorithm for
inference of SDM parameters. The EM algorithm is an iterative procedure that optimises
a loglikelihood by calculating the expected loglikelihood given some parameters (E-step)
and then maximising it (M-step) providing a new set of parameters for the next iteration.
The EM algorithm is proven to increase the likelihood in every iteration and converge to
the ML estimate for convex likelihoods.

1.3.3. MONTE-CARLO

The Monte-Carlo algorithm is a numerical method for integration that cannot be
calculated analytically or numerically by standard methods. By sampling n realisations,
an approximation of the integral of a function f can be calculated as follows,∫

x∈X
f (x) d x ≈ c

n

∑
xi∼U (X )

f (xi ), (1.5)

where the xi are n uniform draws from X and c = ∫
x∈X d x. In the context presented

here, x is the unobserved part of the tree, typically the species that did not make it to the
present, and hence for computing the likelihood of an extant-species phylogeny, we need
to integrate over all possible extinction patterns that could have given rise to the current
extant tree. When n →∞ the approximation converges to an equality. However, sampling
uniformly on X is not always possible, or it can be particularly inefficient, if for many
values x ∈X the function f contributes negligibly to the integral, f (x) ≈ 0. To deal with
this problem, we use an importance sampling technique.

1.3.4. IMPORTANCE SAMPLING AND DATA AUGMENTATION

Importance sampling is a statistical technique that can be used when sampling from
the desired distribution is difficult. It consists of sampling from an alternative distribution
that contains the support of the desired distribution and correcting for it by the ratio of
the probability f (x) according to the true distribution by the probability of the realisation
x according to the alternative sampling distribution. Thus, we replace equation 1.5 by∫

x∈X
f (x)d x ≈ 1

n

∑
xi∼g

f (xi )

g (xi )
(1.6)



10 1. INTRODUCTION

Observe that choosing g = f leads to Eq. 1.5. A vital component of this method is to find
a “good” importance sampler g . Given that in the current context we need to sample
the extinct species on top of the extant or observed species of the tree, we introduce
a data augmentation algorithm that samples full trees that are in agreement with the
observed trees. In Chapter 2 we use a uniform importance sampler, which is not efficient
in the sense that it does not simulate trees with significant values of f , given that is
ignorant about the true process and parameters, but it is a good starting point for further
comparisons as well as simple to implement and interpret. In Chapter 3 we develop a
sophisticated data augmentation algorithm which allows us to implement the method for
large trees.

The data augmentation algorithms developed in this thesis are not only useful for
our EM algorithm but also for a wide variety of parameter estimation methods including
Bayesian methods or stochastic gradient descent approaches.

1.3.5. STOCHASTIC GRADIENT DESCENT METHOD

In Chapter 4 we propose an alternative to the EM algorithm by maximising the like-
lihood function using a stochastic gradient descent method which is also an iterative
procedure, but now each iteration calculates the next parameter value using

θi = θi−1 − ηG(θ)

where η is a step size, also known as the learning rate in the machine learning literature,
and G is the gradient of the likelihood function. The gradient of the observed likelihood is
defined as

G(θ) = ∂

∂θ

∫
x∈X

f (x, y |θ) d x

Here we use again our data augmentation algorithm developed in Chapter 3 for an
unbiased estimate of the gradient as the direct calculation of this expectation is, again,
not possible. Thus we estimate the gradient G by its Monte Carlo approximation.

Comparison and similarities between the EM algorithm and gradients methods have
been studied (Xu and Jordan, 1996). In this thesis we make use of both of them but do
not necessarily compare them as they are used in different contexts: Chapters 2 and
3, which employ the EM, are implementations of lineage-independent diversification
models while Chapter 4, where we exploit the gradient descent method, contains the
implementation of lineage-dependent diversification models.

1.3.6. GENERALISED ADDITIVE MODELS

Throughout this thesis we will come across expressions of the likelihood that are
complex functions of the parameters. Sometimes, we resolve this issue by means of Monte
Carlo sampling, but in other cases we try to approximate the functional form through
the theory of generalised additive models (GAM). GAMs are smooth functions that can
approximate any continuous function. By fitting linear combinations of polynomials,
typically cubic splines, computationally efficient approximations can be obtained.
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We argue that this theory can be applied as well to estimate a general class of species
diversification models by approximating the likelihood function using GAMs, at least
for models with few parameters. In this thesis, we use the GAM approach to calculate
a conditioning probability as a function of the parameters. Chapter 5 is dedicated to
developing a method to calculate the probability of any conditioning event for any SDM
that can be recorded by simulation.

1.4. THE CONDITIONED EVOLUTIONARY PROCESS

The macroevolutionary processes as we see it now is undoubtedly conditioned to, at
least, the fact that we indeed observe it, i.e., that the process survives to the present. Other
conditioning arguments can be found in the literature to incorporate in the likelihood
function of the species diversification process. Suggested conditioning events are the
survival of the tree given a particular crown or stem age, or the number of tips (Gernhard,
2008) or both (Etienne et al., 2016; Stadler, 2013). However, expressions for calculating
these conditioning probabilities as a function of the SDM parameters have only been
developed for specific species diversification models. In Chapter 5 of this thesis, we
develop a novel implementation for conditioning, where we make use of a combination
of simulations and GAM smoothing to estimate the probability of any condition that can
be used to calculate the conditioned likelihood of the process.

1.5. MODEL SELECTION

Model selection is a standard topic in statistical inference. Information criteria such
as AIC or BIC are well known and used in many statistical applications to selecting the
“best” model from a set of them (Wit et al., 2012). These techniques are used when a
likelihood is available. In the context of species diversification models and phylogenetic
trees, alternative methods have been used to compare the goodness-of-fit of a model
to real data. Simple statistics involve the number of tips or the gamma statistic, which
take into account the timing distribution of the phylogenetic tree. However, they do not
provide a strong tool for model selection. A more sophisticated statistic that captures
the whole evolutionary process is the lineage-through-time (LTT) statistic (Janzen et al.,
2015). The LTT statistic is defined as the integral of the absolute difference between two
phylogenetic trees

LT T (1,2) =
∫ tp

t0

|N1(t )−N2(t )|d t

where Ni (t ) is the number of lineages in the tree i at time t . In Figure 1.5 we see the area
between two LTT plots corresponding to two different trees in blue. This value can be
used to compare two trees but also to assess how similar trees simulated from a specific
model are to the observed tree. Moreover, it can be used to estimate parameters using
a likelihood-free method such as ABC inference (Janzen et al., 2015). The LTT plot is
a curve that does not consider the topology of the tree. Alternatively, we propose the
phylodiversity-through-time (PTT) statistic. This quantity does consider the topology of
the tree by integrating the difference between the phylodiversities of two trees through
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time,

PT T (1,2) =
∫ tp

t0

|P1(t )−P2(t )|d t .

In the literature this has not been studied yet. In the bottom panel of Figure 1.5, we
visualise the difference between phylodiversities at each time point of the two trees.
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Figure 1.5 | Comparison among two phylogenetic trees. Number of lineages and Phylogenetic diversity through
time. The area represents the distance between the trees.
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1.6. OUTLINE OF THE THESIS

This thesis lies on the intersection of evolutionary biology and statistical network
science, providing a systematic development in both areas. Throughout the thesis we in-
crease the generality of our approach to modelling phylogenetic trees in order to achieve
our two main objectives. On the one hand, we aim to develop a methodology to per-
form statistical inference in phylogenetics and macroevolution, allowing for testing of
a wide variety of species diversification dynamics hypotheses. On the other hand, we
develop generalisations of diversity-dependent diversification models, because they are
ideal systems to consider, study and quantify the effect of ecological limits and species
interactions on species diversification processes.

In Chapter 2, we develop an Monte Carlo Expectation-Maximization (MCEM) type
of algorithm in the context of phylogenetic trees, which in combination with a data
augmentation algorithm is a powerful tool for flexible statistical inference and species
evolution modelling. In this chapter, we provide a simple data augmentation scheme
as a basis for future comparisons, while achieving a fast general algorithm for small
phylogenetic trees.

In Chapter 3, we present an efficient and elegant data augmentation algorithm (DAA)
for reconstructed phylogenetic trees. The new DAA together with the MCEM method
developed in Chapter 2, make it possible to perform statistical inference in medium-
size phylogenetic trees. The method is called emphasis, which stands for Expectation-
Maximization in PHylogenetic Analysis with Simulations and Importance Sampling. In
this chapter we also generalise diversity-dependent diversification models including
phylodiversity, an essential type of diversity that considers the genetic distance among
species and thus provides another dimension to the niche filling argument that previous
diversity-dependent diversification models were aiming to capture.

In Chapter 4, we generalise diversity-dependent diversification models even further by
allowing lineage-specific evolutionary advantage with lineage-dependent diversification
models. Moreover, we develop a stochastic gradient descent algorithm to incorporate
in the statistical toolkit for parameter estimation, making use of the data augmentation
algorithm developed in Chapter 3. We provide a model that is flexible and capable of
capturing a large variety of topologies.

In Chapters 2-4, the phylogenetic space considered were all possible phylogenetic
trees. However, the very fact that any inference of data only makes sense for a surviving
clade, there are implicit assumptions, e.g., about the existence of the clade. The practice
of conditioning the observed data is a common practice in phylogenetic analysis. Con-
ditioning means that only a certain part of outcome space is considered feasible for the
observed phylogeny. Although various types of conditioning are used in phylogenetic
analysis, the most common, and most intuitive, one is that the observed phylogeny is not
empty. This affects the likelihood function and maximum likelihood estimates. Explicit
conditioning formulas are elusive, but we dedicate Chapter 5 exclusively to developing a
method that is able to approximate the probability of any condition of a process under
any species diversification model.

Chapter 6 presents a collection of considerations that have come up over the course
of this PhD project. It presents the limitations of the methods presented in this thesis
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as well as considerations for improving some of these methods. Ways of dealing with
incomplete clades as well as with possible extensions to the various models are discussed.
Furthermore, it considers how the methods used in this thesis can be used outside the
field of evolutionary biology.
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