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Abstract

A major challenge in phylogenetic reconstruction of evolutionary relationships lies in
understanding the impact of model-fit on the accuracy of phylogenetic trees. The work
conducted in this thesis aims to infer better trees by using amino-acid substitution models that
are specific to the study data, and to evaluate strategies to mitigate the effects of systematic
bias. Several software programmes for calculating data-specific models were evaluated, with
IQ-TREE exhibiting the best features. These models consistently showed a better fit to the
data than the pre-computed empirical models, indicating their greater robustness against
biases caused by poorer-fitting models. Data-specific substitution models combined with
more complex heterogeneous models or data partitioning strategies helped to reduce
systematic bias. Among methods evaluated to identify heterogeneous data, the matched-pairs
test of marginal symmetry combined with the Benjamini-Hochberg method exhibited the
highest statistical power, identifying composition-heterogeneous sequences that biased the
relationships among Archaeplastida and Bryophyta. By contrast, the process of evolution
underlying the emergence of land plants from charophyte algae was shown to be composition-
homogeneous among lineages in the analyses of nuclear and chloroplast data. Tree-
homogeneous and heterogeneous analyses using these data robustly recovered the green algae
Zygnematophyceae as the most-closely related to land plants. However, analyses of
mitochondrial data placed Charophyceae as the sister-group to land plants; a result that was
shown not to be caused by compositional heterogeneity among lineages. Nevertheless, further
analyses identified a weak signal favouring Zygnematophyceae as the sister-group of land
plants in buried-sites and slower-evolving sites data partitions. The cause of the incongruence
between nuclear plus chloroplast data and the mitochondrial data remain unknown but maybe
biological in nature rather than due to systematic bias, and perhaps a result of evolutionary

processes such as horizontal gene transfer.

key-words: substitution model, amino-acid sequences, systematic bias, among-lineage

heterogeneity, Streptophyta
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Resumo

Atualmente a disponibilidade de dados ndo é mais uma restricdo para a maioria das
analises filogenéticas e um dos principais desafios dos filogeneticistas reside sobretudo em
aspetos metodologicos relacionados com o uso dos modelos de evolucéo e o impacto de erros
sistematicos. O objetivo do trabalho desenvolvido nesta tese € inferir melhores arvores
filogenéticas através do uso de modelos de substituicdo de aminoécidos especificos para 0s
dados em analise e implementacdo de estratégias para mitigar os efeitos de erros sistematicos.
Foram avaliados cinco métodos para calcular modelos de substituicdo especificos para dados
de sequéncias de aminoacidos, implementados nos programas FastMG, 1Q-TREE, PAML e
P4. Os quatro programas utilizam méxima verossimilhanca, enquanto o P4 também utiliza
inferéncia Bayesiana, sendo este método também avaliado. Os modelos especificos foram
calculados utilizando alinhamentos de aminoacidos simulados com diferentes comprimentos.
O processo de simulagdo dos dados de alinhamento incluiu um modelo de substituigdo e uma
arvore filogenética conhecidos, isto €, o modelo e arvore de simulagdo. Cada modelo
especifico foi depois utilizado para calcular a pontuacdo de maxima verossimilhanca da
arvore e alinhamento usados para gerar o modelo especifico. Este valor foi comparado com a
pontuacdo de maxima verossimilhanca resultante das analises da mesma arvore e
alinhamento, mas usando o modelo de simulagdo. Os valores comparados foram
estatisticamente similares, indicando que os métodos utilizados
para calculo de modelos especificos de acordo com esta métrica sdo precisos. Quando as
arvores filogenéticas estimadas livremente por estes modelos foram comparadas entre si, as
arvores resultantes das analises que usaram os modelos calculados através de métodos de
méaxima verossimilhanca implementados no IQ-TREE e P4 foram as mais precisas. Os
modelos especificos foram também comparados com os modelos empiricos cpREV e WAG.
Independentemente do método usando para calculo dos modelos especificos, estes
demonstraram um ajuste superior aos dados e inferiram &rvores mais precisas quando
comparados com os modelos empiricos. Estes resultados indicam que os modelos especificos
deverdo ter uma maior robustez contra desvios sistematicos que resultem da falta de ajuste aos
dados. O programa IQ-TREE demonstrou o melhor balanco entre rapidez no célculo de
modelos especificos e preciséo das arvores filogenéticas inferidas usando estes modelos. A
analise de conjuntos de dados empiricos utilizando modelos de substituicdo especificos

corroborou os resultados anteriores. Tendo em conta a existéncia de programas eficientes e
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répidos para o célculo de modelos especificos eficientes torna-se assim pouco razoavel o uso
de modelos de substituicdo empiricos em anélises filogenéticas.

As andlises anteriores e a maioria das analises filogenéticas assumem que 0 processo
evolutivo € homogéneo ao longo do tempo, isto €, ao longo da arvore. No entanto, este
pressuposto ndo corresponde a realidade do processo evolutivo, e quando fortemente
rejeitado, pode resultar em erros sistematico que podem afetar a correta inferéncia da arvore
filogenética. Os testes de pares emparelhados de simetria permitem investigar a
heterogeneidade na composi¢do e substituicbes ao longo da arvore. O teste de pares
emparelhados de simetria marginal permite auferir a presenca de processos
composicionalmente heterogéneos, enquanto o teste de simetria interna permite avaliar
processos de substitui¢ heterogéneos. O teste de pares emparelhados de simetria permite
avaliar ambos. Uma vez estes incluem comparagbes multiplas, o valor-p (valor da
probabilidade) da comparacdo entre cada duas sequéncias no alinhamento devera ser ajustado
para uma correta identificacdo das sequéncias heterogéneas. Assim, em conjunto com os trés
testes de simetria, quatro métodos para correcdo do valor-p, nomeadamente, Bonferroni,
Bonferroni-Holm, Benjamini-Yekutieli, e Benjamini-Hochberg foram avaliados. Para isso,
foram simulados conjuntos de dados de acordo com quatro critérios: heterogéneos na
composicdo, heterogéneos nas substituicdes, heterogéneos em ambos e totalmente
homogéneos. O teste de pares emparelhados de simetria marginal combinado com o método
de correcdo Benjamini-Hochberg exibiu a poténcia estatistica mais elevada comparado com
outros métodos. O teste de simetria e simetria interna revelaram uma baixa capacidade de
detecdo das sequéncias com substituicdes heterogéneas. Os métodos Bonferroni apresentaram
a menor poténcia estatistica. Analises de conjuntos de dados nucleares e mitocondriais
utilizando o teste de simetria e o teste de simetria marginal combinados com os métodos de
correcdo Benjamini, mas principalmente o teste de simetria marginal combinado com o
método Bonferroni-Holm, identificaram sequéncias composicionalmente heterogéneas que
distorceram a inferéncia das relacdes evolutivas nos clados Archaeplastida, Bryophyta e
Setaphyta. Desta forma, o processo evolutivo é heterogéneo ao longo da arvore nao podendo
ser acomodado pelos modelos habituais que assumem a homogeneidade. A remogéo destas
sequéncias anulou ou reduziu o efeito negativo na inferéncia, resultando na monofilia destes
grupos, o que esta de acordo com outros estudos de analise filogenética utilizando modelos

mais sofisticados.
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O estudo do surgimento das plantas terrestres tem sido marcadamente debatido,
incluindo trés grupos de algas como possivel grupo mais préximo das plantas, nomeadamente,
Zygnematophyceae, Charophyceae e Coleochaetophyceae. Utilizando os métodos descritos
acima e outros, foi investigado a historia evolucionaria entre as algas verdes, charophytes, e as
plantas terrestres. As analises foram realizadas com recurso a dados sequencias de
aminoacidos nucleares, mitocondriais e de cloroplasto. Contrariamente aos processos
evolutivos descritos acima, o surgimento das plantas terrestres foi demonstrado ser
homogéneo ao longo da arvore na analise de dados nucleares e de cloroplasto. Estas analises
recuperaram as algas verdes Zygnematophyceae como grupo irmdo das plantas terrestres,
indicando este ser o grupo de algas mais proximo das plantas. Adicionalmente, analises que
utilizaram modelos que acomodam heterogeneidade ao longo do alinhamento e estratégias
para particdo dos dados obtiveram resultados congruentes. No entanto, as analises de dados
mitocondriais reconstruiram invés o grupo Charophyceae como o grupo de algas mais
proximo das plantas. Posteriormente, andlises de particGes de dados associados a racios de
substituicdo mais lentos ou associados a aminoacidos com localizagcbes mais conservadas na
estrutura da proteina, recuperaram Zygnematophyceae como o0 grupo mais proximo das
plantas, embora com pouco suporte. Estes resultados sugerem que os modelos de evolucéo
atuais ndo sdo capazes de modelar corretamente o surgimento das plantas usando dados
mitocondriais. Por outro lado, os sinais inerentes poderdo estar corretos e o genoma
mitocondrial possuir uma forma quimérica resultante de um processo bioldgico,
nomeadamente a transferéncia horizontal de genes. No entanto, sendo este conflito o resultado
de desvios sistematicos ou de um processo bioldgico, as analises aqui realizadas nao

permitem apurar 0 mais provavel.

Palavras-chave: Modelos de substituicdo, sequéncias de aminoacidos, erro sistematico,

heterogeneidade ao longo da arvore, Streptophyta
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1. General Introduction

1.1 Methods of phylogenetic inference

1.1.1 Calculating a phylogenetic tree

Phylogenetic inference of evolutionary relationships among present-day organisms is
the basis for understanding how species have evolved and diversified. Typically, this involves
reconstructing a bifurcating tree that relates extant species based on the analysis of traits or
characters represented in a data matrix (Swofford et al., 1996; Felsenstein, 2004). A
phylogenetic tree, or phylogeny, comprises a topology, typically with accompanying branch
lengths. The branching order indicates the relationships between taxa (i.e. the leaves, tips, or
external nodes of the tree) and internal nodes represent common ancestors. The length of tip
branches indicates how much taxa have diverged from the common ancestor they have with
their closest relative sampled in the tree. As a bifurcating tree the degree of all internal nodes
is three (each node is connected to three branches, one antecedent and two descendants). A
degree greater than three indicates a polytomy where the branching order is unknown.
Polytomies result from either a lack of information (a ‘soft’ polytomy) or from truly
simultaneous species divergence (a ‘hard’ polytomy). However, the latter is considered very
unlikely to occur in nature (Yang, 2014).

The ancestor of all taxa in a tree is located at the root node of the tree. Although trees
are usually computed without implying a root, such that the tree length is the same regardless
of which node is designated the root (i.e. the tree is time-reversible), it is common practice to
root them thereby polarising relationships among taxa in the tree. Molecular clock, midpoint,
and outgroup rooting are well-known methods to root a tree, with the latter being the most
widely used. The outgroup rooting method includes taxa that are not part of the study group,
named outgroups, in the analysis, and the root is then placed between the outgroups and the
study species, the ingroup. It is well established that including outgroups that are closely
related to the ingroup are preferable over including distantly related outgroups (Smith, 1994;
Swofford et al., 1996).

The terms monophyly, paraphyly, and polyphyly describe the distribution of a group
of taxa on a phylogenetic tree. Monophyly describes a group that includes a common ancestor
and all, and only, it’s descendants. In contrast, a group is paraphyletic if it comprises the

common ancestor of all members of the group and some but not all descendants of that



ancestor. When the group does not include the common ancestor of all members, it is
polyphyletic (Hennig, 1966; Farris, 1974).

Phylogenetic trees are reconstructed from the analysis of a matrix of characters that
can vary among taxa but should share a common ancestry. Similarity in characters due to
inheritance from a common ancestor is known as homology (Hall, 2007). However, character
similarity does not always imply homology. For example, the endothermy observed in
mammals and birds arose independently in each of the two lineages. This phenomenon of
independently evolved similarity is termed homoplasy and can bias the reconstructed tree, if
homoplasisous characters are mistaken for being homologous (Wake et al., 2011). Characters
are derived from morphological or molecular features, representing the variation within and
among species. With the advance of high throughput sequencing technologies, today most
data used for phylogenetics are molecular, being either nucleotides from DNA sequences or
amino acids from proteins. In this context, a data matrix used for phylogenetics is the result of
a sequence alignment, where each row represents a different taxon, and each column
corresponds to a specific position, or site, along aligned sequences. Sequences from
individual taxa are aligned so that the homologous sites are aligned in the same column
thereby enabling the comparison of site identities among sequences. Given there are four
nucleotides and 20 amino acids, the number of possible combinations is 4™ and 20m,
respectively, where m represents the number of taxa (Swofford et al., 1996).

Inference methods can operate directly on phylogenetic data matrices, in which case
the methods are character-based, or they can act on a matrix of distance metrics calculated
from the former. Character-based methods include maximum parsimony (MP; Fitch, 1971,
Hartigan, 1973; Felsenstein, 1978), maximum likelihood (ML; Felsenstein, 1981), and
Bayesian inference (Rannala and Yang, 1996; Mau and Newton, 1997; Huelsenbeck et al.,
2001). Apart from MP where the model is implied but not explicit (Felsenstein, 1978; Yang,
1996a), these methods rely on an explicit model of nucleotide or amino-acid substitution.

The MP, ML, and Bayesian inference methods are based on an optimality criterion,
that is, a score is assigned to each tree considered and used to rank trees (Swofford et al.,
1996). These methods encompass two main steps: calculating the tree score and searching for
the tree with the best score in tree space. The tree space is the conceptual landscape of all
possible phylogenetic trees that can be constructed for a given set of taxa. The number of
possible unrooted trees of 10 taxa exceeds two million, yet most current analyses include
many more, even thousands, of taxa. This highlights the computational challenge and

illustrates why an exhaustive tree search is computationally unfeasible for larger data sets.
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Consequently, most methods employ heuristic search algorithms (Swofford et al., 1996).
These methods traverse the tree space in order to identify the tree that have the highest
probability of generating the observed data. However, while they reduce computation time,
they cannot guarantee to find the optimal tree. Heuristic tree searches usually operate by “hill
climbing” methods, such as tree-rearrangement or branch-swapping algorithms, namely the
nearest neighbour interchange (NNI), the subtree pruning and regrafting (SPR), and the tree
bisection and reconnection (TBR) (Swofford et al., 1996; Guindon and Gascuel, 2003;
Stamatakis, 2006). New trees, called neighbours, are proposed after local perturbations of the

current tree. If the candidate tree has a better score, the algorithm selects the new tree.

1.1.2 Maximum likelihood

The ML method was introduced in the early 1920s (Fisher, 1922) and became
commonly applied in many scientific fields, including phylogenetics. As it is applied in
phylogenetic analysis, ML is statistically consistent in most cases and will converge to the
true tree with increasing certainty as the number of sites approaches infinity (Bryant et al.,
2004). Furthermore, this method benefits from using an explicit model of change, which
facilitates the evaluation and subsequent improvement of the fit between the model and the
data as necessary. ML uses the likelihood function, which describes the probability of
observing the data given a particular hypothesis. The hypothesis is the parameters one aims to
estimate, such as topology, branch lengths, or substitution rates (models of molecular
substitution are described in section 1.2). The likelihood function summarises all information
from the data about the parameters, and the values of the parameters that maximise the
likelihood is named the maximum likelihood estimate (MLE). The likelihood is, therefore, a
function of the parameters, and a higher likelihood score is preferred (Yang, 2014).

Under the assumption that sequence sites evolve independently, the likelihood score is
calculated separately for each site. The joint probability of the whole data matrix is then the
product of the probabilities of data at individual sites. Because the raw likelihood values are
extremely small, the logarithm of the likelihood is used instead, and the probabilities are
accumulated as the sum of the likelihood logarithm of each site (Swofford et al., 1996).

In the reconstruction of the phylogeny using ML, one of the two levels of optimisation
is those of the branch lengths (and other model parameters if they are also to be estimated), as
the evolutionary process is modelled as a Markov process running along a tree's branches.
Branch and model parameters are optimised by maximizing the log-likelihood using

numerical iterative algorithms such as Newton, Davidon-Fletcher-Powell, Broyden-Fletcher-



Goldfard-Shanno, among others (Gill et al., 1981; Fletcher, 2000). The likelihood of a tree is
typically computed under the time-reversible assumption which implies that the evolutionary
process is probabilistically identical whether observed forwards or backwards. Consequently,
the placement of the root in the tree does not affect the likelihood, thereby simplifying its
calculation (pulley principle; Felsenstein, 1981). The second level of optimisation consists in
searching for the best tree in the tree space, that is, the tree with the highest log-likelihood
score. The tree search is conducted using heuristic methods, such as NNI, SPR, or TBR.
Because neighbouring trees share subtrees, the algorithm can save time by avoiding repeating
likelihood computations of the same subtrees. In addition, because the resulting trees are
unrooted, the number of candidates in the tree space also decrease considerably. Significant
efforts have been dedicated to the development of more efficient algorithms for the search of
likelihood-based phylogenetic trees, such as the FastDNAML (Olsen et al., 1994), PhyML
(Guindon and Gascuel, 2003), RAXML (Stamatakis, 2006), or 1Q-TREE (Nguyen et al.,
2015).

A phylogenetic tree reconstructed using ML lacks an inherent measure of accuracy,
requiring additional methods to assign support values to the tree, such as the bootstrap method
(Felsenstein, 1985). The latter method involves generating many bootstrap pseudo-samples,
which consist of resampling, with replacement, sites from the original alignment. Sites are
chosen at random so that the bootstrap data sets are the same length as the original.
Phylogenetic trees are reconstructed from each bootstrap data using the same method as used
for the original data set. The bootstrap support value of a node is the proportion of bootstrap
trees that include the split. These support values are typically used to visually decorate the
optimal tree estimated from the original data set, or the consensus tree derived from the

bootstrap trees itself is presented.

1.1.4 Bayesian phylogenetic estimation

Bayesian inference offers a more intuitive approach to phylogenetic reconstruction
than ML since it considers the probability of the parameters given the data. A second
significant difference between the two, is that the likelihood approach focuses on calculating
an optimal point estimation, while Bayesian inference estimates a posterior probability
distribution of parameters and trees (Yang, 2014; Nascimento et al., 2017).

Bayes’ theorem connects the posterior distribution and the likelihood function,
forming the basis of Bayesian probabilistic inference (Bayes, 1763). The theorem states that

the posterior probability of observing A given that B has occurred, Pr(A|B), is proportional to



the product of the likelihood of observing B given A Pr(B|A) and the prior probability, Pr (A),
normalised by the unconditional probability of B. In Bayesian inference, one assigns a
distribution based on prior knowledge about the unknown parameter before observing the data
(probability of observing A): this is called the prior distribution. The unknown parameter(s) is
estimated using the likelihood function which summarises the information in the data
(Pr(B|A)). The product of these two is then normalised by the marginal probability by
integrating the posterior distribution into one. In sum, the posterior information results from
the sum of the prior information and sample information (likelihood).

The prior probability (or just prior) in Bayesian inference reflects the knowledge of the
process before the data are analysed. In the context of phylogenetic inference, priors can be
assigned on branch lengths, substitution rates, and the tree topology. For instance, one can
construct a prior on the tree topology based on biological processes, such as the birth-death
process (Rannala and Yang, 1996). If an uninformative (also called a flat or diffuse) prior is
assigned, then the posterior distribution is primarily driven by the likelihood of the data.
However, in the case of an informative prior, it is advisable to assess the sensitivity of the
posterior to the prior. It is common practice to ignore the correlation between parameters in
the construction of priors, assigning independent priors for each parameter. This can
sometimes cause problems when multiple parameters of an analogous type are specified, such
as independent and identically distributed priors on branch lengths (Rannala et al., 2012).
Therefore, understanding the data and the insights they provide regarding the parameters
helps prevent the overloading of analyses with an excessive number of parameters (Yang,
2014).

Having chosen prior distributions for parameters, computation of the marginal
probability (normalising constant) of a data set involves multidimensional integrals. It is
typically impossible to calculate the exact value of the marginal probability of a data set due
to computational complexity. Use of the Markov chain Monte Carlo (MCMC) algorithm
avoids the direct calculation of the marginal probability and instead generates a sample from
the posterior distribution. MCMC is a simulation algorithm used for sampling from
probability distributions which generates dependent samples from the target density (the
posterior) and forms a stationary Markov chain (Metropolis et al., 1953). Values of states
sampled during the chain represent the possible values of the parameters which eventually
converge to the target posterior distribution at stationarity.

Phylogenies are reconstructed under the general framework of hierarchical Bayesian

inference. The applied MCMC algorithm starts with a topology, branch lengths, and
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substitution parameters, all randomly drawn from the prior distributions. Then follows a
number of iterations (samples) where the MCMC proposes changes (moves) to the tree (e.g.,
using NNI, SPR, or TBR), branch lengths, and substitution rate parameters. The chain is
sampled at specific samples, and the current parameters are saved (Nascimento et al., 2017).
The MCMC algorithm is memoryless in the sense that parameter values visited in the
following iteration do not depend on the past values but only on the current ones. Another
important feature of the algorithm is the use of the ratio of posterior densities rather than the
posterior density itself, thereby enabling the MCMC algorithm to generate samples from the
posterior. If the algorithm is run for sufficient time, the parameter values with high posterior
are sampled more often than those values with low posterior probability. Once the run is
complete, one can select the tree with the highest posterior probability (the maximum a
posteriori tree) or construct a majority-rule consensus tree from the sampled trees (Rannala
and Yang, 1996a). A natural measure of confidence for the tree splits is obtained by
calculating the proportion of sampled trees that include each split (Larget and Simon, 1999).

1.2 Evolutionary models of molecular substitution
1.2.1 Nucleotide and amino-acid substitution models

Evolutionary substitution models are probabilistic models used to describe the process
of how changes accumulate in the data which and in the context of phylogenetic analyses can
provide detailed insights into evolutionary relationships. Sites in the sequences are assumed to
evolve independently of each other and are described by a Markov chain with a probability of
change at any particular site. The evolutionary process is assumed to exhibit a “Markovian
property”, which characterises the states of the chain (the four nucleotides or the 20 amino
acids) as memoryless, with the probability of change from the current state not depending on
how the current state is reached. Changes among molecular states are described as
instantaneous events over evolutionary time, even though molecular substitutions require
multiple generations to become fixed in nature (Swofford et al., 1996). In ML and Bayesian
inference methods, substitution models are used to calculate the probabilities of change along
the tree branches, thereby enabling the computation of the likelihood of the observed data
(Swofford et al., 1996; Yang, 2014). Notably, constraints placed on the evolutionary process,
while providing mathematical convenience and simplifying calculations, do not accurately
represent the natural evolutionary processes. Nonetheless, we expect that these models
approximate real processes closely enough for a valid and meaningful interpretation: “All

models are wrong, but some are useful” (Box, 1979).



Modelling of the substitution process is subject to distinct constraints, hence a variety
of different models have been proposed. The JC69 model (Jukes and Cantor, 1969) is the
simplest and most constrained model of nucleotide substitution. It assumes that there is no
difference in substitution rate among all four nucleotides and that base compositions are
equal. The JC69 substitution rates can be expressed as a Q matrix of 4x4 instantaneous
substitution rates from nucleotides i to j, with i, j =T, C, A, or G. The diagonal elements are
adjusted to ensure that each row sums to zero. The amino-acid equivalent is the Poisson-
distributed model (Bishop and Friday, 1985; 1987). The K80 model (Kimura, 1980)
accommodates distinct substitution rates between transitions and transversions, having two
free parameters. However, as with the JC69 model, K80 also restricts the base compositions,
assuming equal proportions among states. By contrast, the F84 (Kishino and Hasegawa, 1989)
and the HKY (Hasegawa et al., 1985) models extend the K80 model to having asymmetric
composition frequencies, with both models having five parameters. These two models are
special cases of the TN93 model (Tamura and Nei, 1993), with six free parameters. The
general time-reversible model (GTR; Tavare, 1986; Yang, 1994a; Zharkikh, 1994) imposes
fewer constraints on substitution rates than the previous models, allowing each type of
substitution to have its unique rate. The GTR is also commonly known as the REV
(reversible) model, mainly in the context of protein sequences.

To model the aligned sequence data with Markov chains, one needs to compute the
matrix of transition probabilities P(t). The elements of the transition probability matrix
describe the probability of character X that is in state i will turn to j after a period of time, t,
and can be denoted as:

pii () = Pr {X(t) = j| X(0) =i}, t>0 (1.1)

The Markov model is therefore applied to the data by calculating the likelihood of
each possible change between states at each site. The Q matrix specifies the instantaneous
transition rates between different states without depending on time (i.e., substitution rates
remain constant over time). Therefore, and assuming time-homogeneity, that is, that the
transition probabilities are the same for all values of t, the Q matrix can be used to derive the

transition probability matrix over any period of time as:
P(t) = et (1.2)

Markov models assume the limiting distribution of the chain, where mj represents the

probability that the chain is in state j as t approaches infinity. This translates to the equilibrium



frequencies of the four nucleotides or the 20 amino acids. Once the sequence evolution
reaches the limiting distribution, the frequencies remain in that distribution, reflecting a state
of equilibrium (stationary distribution 7). Most models assume molecular sequences to have
the same base composition - the assumption of stationary. The stationary distribution is

defined as:
nP(t)=mn (1.3)

Substitution models are usually time-reversible, with the Q matrix satisfying the

condition:
mipij(t) = mipji(t), for all i # j and for any t (1.4

With i denoting the proportion of time that the Markov chain spends in state i and mipij
representing the amount of change from state i to j, while change in the opposite direction is
detonated as mjpji. This equation implies that the probability of changing from i to j is the same
asfromjtoi.

In summary, the Q matrix of the time-reversible and time-homogeneous GTR model
includes six substitution rate parameters, one for each possible pair of nucleotides, and four
equilibrium frequency parameters (Tavaré, 1986; Yang, 1994a). This extends to 190 rate
parameters for amino-acid substitutions to account for all possible pairs of the 20 amino acids
and 20 composition frequencies. Because the composition frequencies must sum to one, the
total number of free parameters is reduced by one. Similarly, it is common to express the rate
parameters as relative rates to one of rate values (mainly in likelihood analyses), again
reducing the number of free parameters by one. The off-diagonal elements of the GTR matrix
for nucleotide sequences can be described as a product of a symmetrical matrix of rates r,

multiplied by a diagonal matrix comprising the composition frequencies, m:

(15)

Unlike most current phylogenetic analyses of nucleotide data where the substitution
rate matrices are calculated directly from the study data under the GTR model, analyses of
protein sequences typically use pre-computed empirical substitution models. For the empirical
models the amino-acid exchange rate values are estimated from custom-assembled protein

data sets using the GTR model. The reason for this practice lies in the lack of availability of

10



data and the larger computational resources required to estimate models (discussed in Chapter
I1). The first attempts to model protein sequence evolution were undertaken in the sixties (Eck
and Dayhoft, 1966; 1968), resulting in a “mutation probability matrix” calculated using
parsimony-based methods (Dayhoff et al., 1978). The “Dayhoff matrix” (PAM 001 - Point
Accepted Mutation), at the time the most important model, represents the transition
probability matrix for a 1% expected change per site. Later, the calculation of the JTT model
(Jones et al., 1992) employed the same procedure but used a much larger data set of more
diverse proteins. Early instances of REV models estimated using ML include the
mitochondrial models mtREV (Adachi and Hasegawa, 1996) and mtMAM (Yang et al.,
1998), and the chloroplast model cpREV (Adachi et al., 2000). Subsequently, the WAG
(Whelan and Goldman, 2001) and the LG (Le and Gascuel, 2008) models were also estimated
under the ML framework. Other empirical matrices have been developed, with varying
degrees of specificity for certain taxonomic groups. Though the majority were estimated using
the ML, the gcpREV model (Cox and Foster, 2013) is distinguished as an amino-acid
substitution model estimated using Bayesian MCMC with rate parameters were drawn from a
posterior distribution. An often beneficial variation on the use of empirical amino-acid models
which improves the model's fit is to replace the equilibrium amino-acid frequencies of the
model with the frequencies observed in the data (Cao et al., 1994), or have them optimised

during the analysis.

1.2.2 Models of among-site variation

Instantaneous substitution rates among sites and their frequencies can vary across the
data, that is, site-heterogeneous processes. Incorrectly assuming a constant rate of change
among sites can negatively impact the accuracy of the phylogenetic reconstruction for
instance (e.g., Gaut and Lewis, 1995; Yang, 1996b). In response, substitution models have
been extended to accommodate variable rates across sites, such as mixture models, with each
site having a probability of evolving at any rate drawn from either a discrete or continuous
probability distribution (Swofford et al., 1996). A mixture model assumes the absence of
information regarding the site's nature and assumes that the evolutionary processes vary
widely, accounting for the variation at the site level.

The gamma mixture model is commonly used for modelling the variation in the
absolute rate of substitution at sites in the data. In this model, site-specific rates are drawn
from a gamma distribution shaped according to a parameter a which is inversely related to the

extent of rate variation at sites (Uzzell and Corbin, 1971; Jin and Nei, 1990). Instead of using
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a continuous gamma distribution, the gamma distribution is often divided into several discrete
categories (typically four) which has been shown to provide a good approximation to the full
distribution (Yang, 1994b).

Molecular sequences may have varied types of substitution processes among sites as
they are exposed to different selective pressures, such as their specific roles in protein
structure and function. For instance, hydrophobic amino acids are typically preferred at buried
sites (amino-acids in the interior of the protein structure), whereas active-site residues are
more commonly electrostatically charged and on the protein surface. Mixture models that use
site-specific equilibrium frequencies can accommodate this variation (Bruno, 1996; Koshi and
Goldstein, 1998; Crooks and Brenner, 2005), with the CAT model being the most widely used
(Lartillot and Philippe, 2004). The latter model uses multiple site profiles each with its own
equilibrium frequencies. Sites are then modelled by the probability of belong to a profile, As
implemented under Bayesian framework, a Dirichlet process specifies a prior distribution on
the assignment of sites to different classes, which also induces a prior distribution on the
number of classes. A Dirichlet process enables the estimation of parameters from the data
without need of a priori knowledge. In contrast to site-homogeneous models, the CAT model
has been shown to better accommodate multiple substitutions and improve resilience against
artefacts such as long-branch attraction (Lartillot and Philippe, 2006; Lartillot et al., 2007;
Struck et al., 2011), hence the model has been used widely in phylogenetics studies (e.g.,
Brinkmann and Philippe 2008; Delsuc et al., 2008; Philippe et al., 2009; Finet et al., 2010;
Timme et al., 2012; Nesnidal et al., 2013; Nosenko et al., 2013; Chang et al., 2015; Luo,
2015; Whelan et al., 2015; Cannon et al., 2016). Despite this, analysis of large data sets using
the CAT model demonstrated challenges in achieving convergence of the MCMC chains
(Kocot et al., 2011; Pisani et al., 2015; Whelan et al., 2015).

Empirical profile mixture models, sharing a similar principle to the CAT model, can be
implemented in a ML approach (Le, Gascuel et al., 2008; Wang et al., 2008; Wang et al.,
2018; Schrempf et al., 2020). Analyses using these models are much less computationally
demanding because they use fixed stationary distributions thereby avoiding the need to
calculate it from the study data. The empirical distribution models are grounded on the
expectation that site-specific amino-acid constraints may be due to universal biochemical
constraints, and that, therefore, the same empirical distributions can be applied to various data
sets (Schrempf et al., 2020). Nevertheless, the amino-acid composition distributions can be
calculated from the study data and applied in a ML tree search (Susko et al., 2018; Schrempf
et al., 2020).
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Mixture models can also be used to include several rate matrices in the same analysis,
such as matrices that specify rates for substitution in protein secondary structures, or the rate
of substitution among protein surface-accessible residues (e.g., Koshi and Goldstein, 1996;
Thorne et al., 1996; Goldman et al., 1998; Le, Lartillot et al., 2008; Le and Gascuel, 2010).
For example, the EX2 model incorporates two substitution rate matrices estimated from sites
that are either buried or exposed in the protein tertiary structure, while the EX3 model
includes three rate matrices corresponding to highly exposed, intermediate, and buried sites
(Le, Lartillot et al., 2008). Mixture models can also incorporate different substitution rate
matrices where each matrix corresponds to a class of sites differentiated by their evolutionary
rates, such as the LG4M and LG4X (Le et al., 2012).

In contrast to the mixture models, which assume the absence of information regarding
the site's nature, the partition models assume a priori knowledge about the evolutionary
process across data. A partition model implies the partitioning of the data, where partitions
can be delineated according to genes or codons, which is readily justifiable in biological terms
(Yang, 1996¢; Nylander et al., 2004; Brandley et al., 2005; Lanfear et al., 2012), or other
criteria such as distinguishing between fast- and slowly-evolving sites, or buried and exposed
sites (e.g., Shapiro et al., 2006; Ho and Lanfear, 2010; Pandey and Braun, 2019). However,
modelling short data partitions (e.g., partitioning into genes) risks over-fitting the data, and
suboptimal partitioning schemes can result in incorrect trees (Kainer and Lanfear, 2015). To
counter this, reducing the number of partitions by merging them can decrease the number of
parameters to estimate, thereby enhance tree inference. To optimise partition schemes, tools
like PartitionFinder have been developed (Lanfear et al., 2012; 2016) which aim to select the
best-fitting scheme without over-parameterising the model. In addition, partition models can
be integrated with mixture models, with the first addressing large-scale differences among
partitions, and the latter accommodating the remaining variation within each partition (e.g.,
Yang, 1995; Redmond and McLysaght, 2021).

1.2.3 Models for among-lineage variation

The process of evolution can also differ over time, that is, among-lineages in the tree,
and thereby conflict with the assumptions of rate homogeneity and stationarity of the model
that are typical in phylogenetic analyses. When there is significant among-lineage
heterogeneity the accuracy of phylogenetic methods can be impacted if not accounted for in
the model. To counteract this several tree-heterogeneous models have been proposed (e.g.,
Yang and Roberts, 1995; Galtier and Gouy, 1998; Galtier et al., 1999; Foster 2004; Blanquart
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and Lartillot, 2006; Blanquart and Lartillot, 2008; Foster et al., 2009; Jayaswal et al., 2011;
Zou et al., 2012; Groussin et al., 2013; Williams et al., 2020). Early approaches implemented
using ML allowed for variation in base compositions over the tree, with the composition
frequencies varying independently on each branch with a distinct composition vector for each
branch (Yang and Roberts, 1995). However, for larger trees this approach implies many
parameters, and consequently, the number of vectors of frequency parameters and their
assignment to the branches should be specified prior to analysis. Other proposed models
included fewer parameters, such as those assuming equal frequencies between nucleotide
bases T and C and between A and G (Galtier and Gouy, 1998; Boussau and Gouy, 2006), or
using only a two state GC content vector of parameters for each branch (Galtier et al., 1999).
Bayesian MCMC analyses of non-stationary models mitigate the problem of increasing
number of parameters by constructing a prior (Foster, 2004; Blanquart and Lartillot, 2006).
For instance, the node-discrete composition heterogeneity (NDCH) model uses a predefined
number of composition vectors which are shared among some branches (Foster, 2004). This
approach assumes that compositional heterogeneity, if present, will be localised in parts of the
tree. As a result, the model does not require a unique composition vector for every branch. In
a later version of this model, NDCH2, a composition vector is estimated for each branch of
the tree, which is constrained via a sampled concentration parameter of a Dirichlet prior
(Williams et al., 2020). Blanquart and Lartillot (2006) proposed a tree-heterogeneous
composition model where the substitution process shifts at specific points (breakpoints) on a
branch, assuming new composition frequencies generated from a uniform Dirichlet prior.
These breakpoints are determined according to a compound Poisson process along the tree
branches. This model was combined with the CAT mixture model into a new model, CAT-BP,
which can accommodate compositional heterogeneity across lineages and among sites
(Blanquart and Lartillot, 2008). By contrast, the node-discrete rate heterogeneity model
(NDRH) assigns rate matrices to different branches of the tree (Foster et al., 2009). The use of
tree-heterogeneous models can result in trees that were more likely to be correct (e.g., Cox et
al., 2008; Foster et al., 2009; Morgan et al., 2013; Sousa et al., 2019; 2020; Williams et al.,
2020). These studies not only demonstrated a better fit to the data using tree-heterogeneous
models but also indicated the presence of systematic bias in the original analyses due to non-
stationary (mostly) and non-homogeneous processes.

Substitutions can also vary in their site-specific rates, i.e., the substitution rate for each
site is not necessarily constant across the tree. For example, a site may evolve faster in some

lineages and more slowly in others. These lineage-specific shifts in the substitution rates
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(rates varying across sites and lineages) are known by heterotachy (Philippe and Lopez, 2001;
Lopez et al., 2002). Heterotachy has been suggested to arise from selective pressure on a focal
site being influenced by the nature of nearby sites, or from functional divergence where the
rate variation results from the protein differentiation across lineages (Gu, 2001; Gaston et al.,
2011). The covarion (concomitantly variable codon) model accommodates this variation,
enabling a site to switch from one state to another (invariable or variable; Fitch and
Markowitz, 1970; Fitch, 1971). Current heterotachy/covarion models enable sites to switch
between a number of different rates and an invariable state as they evolve across the tree
(Galtier, 2001; Huelsenbeck, 2002; Wang et al., 2007; Zhou et al., 2007; Wu and Susko,
2009; Crotty et al., 2020).

1.2.4 Model fit

In ML analyses the fit of different models to the data can be compared using a
likelihood ratio test or information criteria. The likelihood ratio test assesses the likelihood of
two models where one is a simplification of the other. This test statistic follows approximately
a y2 distribution where the degrees of freedom are equal to the difference in the number of
parameters between the two models. The resulting p-value enables the assessment of whether
the difference in likelihood is statistically significant. For instance, if one assumes the
likelihood value of the less parameter-rich model as the null hypothesis, then a significant
result from the likelihood ratio test indicates a marked improvement in data fit from including
more parameters in the alternative model. This justifies the preference for the parameter-rich
alternative (Huelsenbeck and Crandall, 1997; Huelsenbeck and Rannala, 1997). When the
models being compared are not nested, or when the sequences are too short such that the
distribution may not be reliable, the null distribution for the test statistic can be generated
through simulations; a method known as the parametric bootstrap (Goldman, 1993a; Yang et
al., 1994). Alternatively, information criteria offer a distinct method for comparing non-nested
models, allowing for the simultaneous evaluation of all candidate models. The Akaike
information criterion (AIC) is a score calculated using the optimal likelihood under the model
and the number of parameters, where the model candidates are penalised by the increasing
number of parameters (Akaike, 1973). A lower AIC value indicates a better fit of the model to
the data. The Bayesian information criterion (BIC; Schwarz, 1978) is based on an
approximation to the natural log of the Bayes factor (marginal likelihood ratios from two
competing models; Kass and Raftery, 1995), where models with more parameters are

penalised greater than AIC methods. Tools for automatic model selection, such as the
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ModelTest, allow for the hierarchical comparison of known substitution models based on
these criteria (Posada and Crandall, 1998; Posada, 2008). The debate over the use of
information criteria is ongoing, focusing on the severity of parameter penalisation (e.g., Seo
and Thorne, 2018; Susko and Roger, 2020).

Although the above methods can select the model with the relative highest statistical
fit, the best-fitting model may still describe the data poorly. Methods of evaluating model
adequacy, such as the Goldman-Cox test (Goldman, 1993b) and posterior predictive
simulation (Gelman et al., 1996; Huelsenbeck et al., 2001; Bollback, 2002; 2005), can assess
if a model fits the data in an absolute sense. The Goldman-Cox test uses a null distribution
generated through a parametric bootstrap to evaluate the hypothesis of a perfect fit between
the model and the data. By contrast, posterior predictive simulation uses parameter estimates
drawn from their respective posterior distributions under the Bayesian framework. The two
tests typically use the multinomial log-likelihood test statistic. These methods assess the
overall model fit to the data, but the model's fit to the data composition can also be evaluated
separately. The chi-squared (x?) test for compositional homogeneity is commonly used to test
the fit of a composition-homogeneous model to the data. Nonetheless, this test ignores tree-
based correlation of compositions among taxa and therefore because the chi-squared curve
does not provide an appropriate null distribution, there is a high probability of suffering a
Type Il error (Foster, 2004). Based on simulations, Foster (2004) proposed a better null
distribution for this test. Chi-squared statistics, extracted from data simulated under a
specified model and tree, are used to generate a valid null distribution to assess the
significance of the original Chi-squared value. A p-value is calculated as the percentage of
simulations resulting in more extreme statistic values than the original statistic (tail-area
probability). Other tests, such as the matched-pairs tests of symmetry (Bowker, 1948; Stuart,
1955; Ababneh et al., 2006), can also be used to test the fit of the model to the data (described
in 1.3.3 below).

1.3 Evaluating tree estimation error
1.3.1 Biases in tree inference caused by analytical errors

Analyses conducted using different methods, such as ML and Bayesian inference, and
different genes and genomes would ideally converge to the same species tree for the same set
of taxa. When that is the case, one can have high confidence in having reconstructed the
correct species tree. However, reconstructing certain evolutionary divergences remains

challenging and competing phylogenetic hypotheses can emerge. The incongruence between
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analyses often arises due stochastic and systematic errors (Cox, 2018). The first is produced
by insufficient amount of data, such as analyses relying on a small number of sequences,
resulting in few defining substitutions and leading to low signal-to-noise ratios. This occurs
most often in deep and short branches of a tree which depict ancient and rapid evolutionary
divergences that had little time to accumulate changes (Delsuc et al., 2005). In such cases,
using larger amounts of data usually helps to resolve these relationships (Rokas et al., 2003;
Dunn et al., 2008). Indeed, current analyses often use genome-scale data sets, which are less
susceptible to stochastic error. However, larger data sets may actually amplify non-historical
signals (biases), leading to systematic error during the phylogenetic inference mainly due to
inaccurate model assumptions about the data (Phillips et al., 2004; Jeffroy et al., 2006). This
error is “systematic” because it consistently and repeatably produces the same incorrect
solution, rather than varying randomly. For instance, in deeper divergences where multiple
substitutions may have occurred at the sequence sites, taxa can share character states because
of convergent evolution rather than inheriting it from a common ancestor (homoplasy). In
these cases, the actual number of substitutions is underestimated by the model due to its lack
of ability to handle multiple substitutions correctly. Consequently, when unaccounted for, taxa
may be inferred to be closely related due the accumulation of homoplasy when they are
actually more-distantly related. A pronounced effect of homoplasy is its accumulation in
rapidly evolving lineages, leading to the well-known phenomenon of “long-branch attraction”
(Felsenstein, 1978). This is characterised by the apparent loss of the historical signal due to
substitutional “saturation” (i.e. accumulation of multiple hidden substitutions). Adding more
taxa can benefit the phylogenetic inference by segmenting the long branches in such cases, at
the risk of adding or increasing the effect of other biases (Rokas and Carroll, 2005; Heath et
al., 2008). Heterogeneity among-sites, or among-lineages, is another source of systematic
error when the substitution process is incorrectly assumed to be uniform. Consequently,
artefacts in phylogenetic inference emerge because the model fails to accommodate

heterogeneity adequately.

1.3.2 Assessing among-lineage heterogeneity

Among-lineage heterogeneity, or tree-heterogeneity, in the data implies the rejection
of the usual assumptions of stationarity and homogeneity of phylogenetic analysis and is one
of the causes of systematic error when not properly addressed. The 2 test for compositional
among-lineage homogeneity (introduced in section 1.2.4) can assess whether the data are

homogeneous in composition across the tree (Foster, 2004). A rejection of the model indicates
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the data are compositionally heterogeneous and non-stationary. If the model describes a
stationary (and reversible) process, the probability of finding a site with nucleotides i and j in
two sequences is the same as the probability for a site with j and i (Yang, 2014), that is, the
data follow an assumption of symmetry. The symmetry of two (Tavaré, 1986) or more
sequences (Rzhetsky and Nei, 1995) can be tested using a contingency table to count site
patterns. A X2 statistic (reflecting the number of sites with nucleotide i in sequence one and |
in sequence two) is compared against the asymptotic x2 distribution with six degrees of
freedom. These tests assume that each element in the array corresponds to the frequency of a
matching pair of nucleotides or amino acids in an alignment and are based on the matched-
pairs tests.

The matched-pairs tests of symmetry (MPTS; Bowker, 1948), marginal symmetry
(MPTMS; Stuart, 1955), and internal symmetry (MPTIS; Ababneh et al., 2006) can be used to
assess whether homologous sequences have evolved under the same conditions (Jermiin et al.,
2004; 2009). Homologous sequences are summarised in a divergence matrix, D, as a
contingency table with elements dij representing the number of alignment sites having i in the
first sequence and j in the second sequence. Then, a null hypothesis can be formulated
concerning the overall symmetry, marginal symmetry, and internal symmetry of D. Symmetry
implies that in a contingency table, the count of a nucleotide (or amino acid) pair is identical
to its transposed pair. Therefore, the null hypothesis for symmetry assumes fij is equal to fj,
with i different from j. The MPTS is then given by:

o2 _ N (4 — dyy)? (L5)
dij + dji

The statistic (Ss?) follows an asymptotic distribution that can be described as a 2
variate with v = I(I -1)/2 degrees of freedom, where | represents the number of states. The
marginal symmetry indicates that the frequency of a nucleotide or amino acid in one sequence
equals its frequency in another. Therefore, the MPTMS assess the equality of composition
between sequences and is given by:

SmMZ=uTV-1lu (1.6)

The resulting statistic (Sm?) also follows an asymptotic distribution, described as a >
variate with v = I-1 degrees of freedom. MPTMS requires a vector of marginal differences (u)
and its variance-covariance matrix (V). The MPTMS is not applicable when the variance-
covariance matrix is not invertible. The MPTIS is the difference between the two previous

statistics, Si2 = Ss2- Sm2. It is asymptotically distributed with v = (I-1)(I-2)/2 degrees of
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freedom. A small p-value (e.g., <0.05) indicates a rejection of the assumption of stationarity
or homogeneity when computed using the MPTMS or the MPTIS, respectively. When using
the MPTS, a low p-value suggests rejecting either or both of these assumptions (Jermiin et al.,
2017). For more than two sequences under analysis, the tests can be conducted pairwise on all
possible pairs of sequences. A sequential Bonferroni correction can be applied to counteract
the effect of multiple comparisons (Ababneh et al., 2006; Jermiin et al., 2017).

Various other methods have been proposed to assess compositional heterogeneity
across lineages. The normalised relative composition frequency variability measures the
average variability in composition frequency across lineages (Fleming & Struck, 2023). This
method evaluates the relative frequency of a given nucleotide or amino acid for a given taxon
compared to its average frequency across the entire data set. The disparity index measures the
frequencies of nucleotides or amino acids shared and differing between two sequences, using
Monte Carlo simulations (Kumar & Gadagkar, 2001). Another option is comparing tables and
graphs of sequence-specific distributions generated using Monte Carlo simulations or the
multinomial distribution (Lanave et al., 1984, 1986). Furthermore, compositional
heterogeneity can be visualised by displaying sequence compositional content in one, two, or
three dimensions (Ho et al., 2009). In contrast to the 2 test for compositional homogeneity
and matched-pairs tests, these additional methods are not directly related to the model fit or to

the degree to which the assumption of stationarity is violated, if at all.

1.3.2 Strategies to reduce systematic bias

In a probabilistic framework the expectation is that the model fits the data sufficiently
so that there is no systematic bias. Consequently, due to the complexity of the substitution
process and it’s variation over time there has been a focus on developing more realistic
models, such as the CAT and NDCH2. Nevertheless, as parameter-rich models their
implementation can sometimes be difficult and traceability limitations emerge with larger data
sets. Furthermore, while more complex models may be able to accommodate different types
of heterogeneity separately, accounting for joint effects can be exceedingly difficult (Williams
et al., 2021). Therefore, better models should not necessarily have to be overly complex
(Steel, 2005), and the balance between model complexity, more realistic models, taxa
sampling, and data size should be considered carefully.

Being able to identify heterogeneous data (whether among sites or lineages) aids in
investigating the causes of systematic bias and subsequently selecting the data most

appropriate for the model (Lemmon and Lemmon, 2013). Once identified, heterogeneous data
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can be excluded or analysed separately (Jermiin et al., 2017; Naser-Khdour et al., 2019). Sites
can also be sorted according to different criteria, such as composition (Viklund et al., 2012;
Mufioz-Gdémez et al., 2019) or site-specific rates (Brinkmann and Philippe, 1999; Goremykin
et al., 2010; Cummins and Mclnerney, 2011) and a proportion removed to improve the fit of
the data to the model. An improvement in the model's robustness to systematic bias is
expected when sites that fit the model poorly are removed. Moreover, one can also explore the
effects on the tree reconstruction of the different heterogeneous signals (Fleming et al., 2023).
Artefacts induced by model misspecification can also be reduced by data recoding, despite the
loss of information the recoding involves. These approaches compress the data into fewer
states and thereby simplify the data. For example, in the RY recoding method nucleotides can
be recoded as purines (R) and pyrimidines (Y) so that only transversion events are considered
for phylogenetic reconstruction (Woese et al., 1991; Phillips and Penny, 2003; Phillips et al.,
2004). Since transversions evolve more slowly than transitions, they exhibit fewer numbers of
multiple substitutions at the same sites and have more balanced compositions than transitions,
which promotes a better model fit. Data recoding strategies have also been applied to protein
data to reduce compositional heterogeneity and substitution saturation. Amino acids are
usually grouped based on empirically observed substitution rates (Hrdy et al., 2004; Kosiol et
al., 2004; Susko and Roger 2007). For instance, the well-known six-state Dayhoff-6 recoding
was suggested to reduce potential artefacts caused by amino-acid composition differences
among taxa (Feuda et al., 2017). Nevertheless, recoding strategies and their merits are still
under active debate (Hernandez and Ryan, 2021; Giacomelli et al., 2022; Foster et al., 2023).

Additional approaches have been designed to identify problematic sequences, often
referred to as ‘rogue taxa’. These taxa are described by their unstable placement in the
phylogenetic tree because of ambiguous or insufficient information and can be identified
using bootstrap methods (Wilkinson, 1996; Aberer et al., 2013).

1.3.4 Tree reconstruction errors caused by biological processes

Evolutionary processes acting at the population level, such as variations in the number
of alleles, their fixation, and sorting across loci, can lead to discrepancies between the
evolutionary history of specific loci and the species tree (Maddison & Knowles, 2006). This is
due to the retention and differential sorting of alleles (polymorphisms) into different
descendant lineages, a phenomenon known as incomplete lineage sorting (ILS). The
multispecies coalescent model enables estimating the species tree despite the conflicting locus

trees, by modelling the probability of genes coalescing (Pamilo and Nei, 1988; Rannala and
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Yang, 2003). The coalescent describes the process of lineages merging as the species
genealogy is traced backwards in time (converging in their common ancestor). The
probability of gene coalescences is proportional to the effective population size and branch
lengths. The conflict between the species tree and locus trees is expected to increase with
larger ancestral population sizes and shallower divergences (Degnan and Rosenberg, 2006,
2009). Summary coalescent or two-step methods, such as those implement in ASTRAL
(Accurate Species TRee Algorithm; Mirarab et al., 2014; Zhang et al., 2018; 2020) or MP-
EST (Liu et al., 2010) are often used to infer the species tree while accommodating ILS.
These methods rely on using pre-computed gene trees to estimate the species tree as a
computational convenience and are therefore referred to as a “short-cut” methods. However,
gene trees, especially those derived from short alignments, are susceptible to topological
errors caused by stochastic and systematic biases, which is problematic for these methods
(Gatesy and Springer, 2014; Richards et al., 2018). On the other hand, fully hierarchical
multi-species coalescent models, as implemented in BPP (Yang 2015; Flouri et al., 2018) or
BEAST (Heled and Drummond, 2010) fall within single-step methods and jointly estimate the
gene and species trees, minimizing the probability of gene tree estimation errors. However,
these implementations require a greater computational complexity than the short-cut methods
(Shi and Yang, 2018).

The locus trees can also differ from species trees due to biological processes other
than ILS. Such processes included horizontal gene transfer, introgression, and gene loss after
gene duplication. Horizontal gene transfer is the transfer of genetic material directly from one
species to another, which in the context of a phylogeny is seen as lateral inheritance rather
than vertical inheritance. Introgression, the transfer of genes between species, and
hybridisation, cross-breeding between different species, also involve the lateral transfer of
genetic material and can also result in the same conflict between gene and species tree
phylogenies (Fitch, 1970; Doyle, 1997; Galtier and Daubin, 2008). Likewise, gene duplication
followed by gene loss can also be problematic for the construction of species trees if
paralogous, and not orthologous, copies of the gene are used for tree inference. The effects of
horizontal gene transfer, gene duplication, and gene losses after duplication on phylogenetic
reconstruction can be assessed using reconciliation methods which estimate gene and species
trees simultaneously by considering these underlying processes (Boussau et al., 2013;
Szollési et al., 2013).
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1.3.5 Phylogenetic tree reconstruction

The phylogenetic analysis of multi-locus data typically follows one of two main
strategies: simultaneous analysis of concatenated genes or analysis using a multispecies
coalescent framework. Incongruence in resulting species trees is often found between the two
methods (e.g. Wickett et al., 2014) which makes establishing a robust species tree difficult
(Bravo et al., 2019; Shen et al., 2021). In the reconstruction of deep ancestral relationships,
factors such as homoplasy, heterogeneity, and weak historical signals typically have a greater
impact on inference analyses than processes like ILS (Bryant and Hahn, 2020). On the other
hand, coalescence methods are more effective at reconstructing accurate trees for recent
speciation events.

Encountering competing phylogenetic hypotheses requires caution against a summary
consensus result that disregards the conflicting phylogenies. Often it is easier to reconstruct an
incorrect phylogenetic tree than to accurately identify the true species phylogeny, especially
when specific relationships are difficult to reconstruct. In such cases, a “better” analysis
should take precedence over multiple analyses that yield congruent but potentially a biased
phylogeny. In practice, to effectively assess the phylogenetic hypothesis under study, one
needs to understand the extent to which the methods suit the study data. This involves
considering the data's known properties and those that have yet to be assessed (Cox, 2018).
Therefore, following a comprehensive strategy that integrates multiple approaches and
investigating the discrepancies across results and considers their distinct methodological

assumptions is often a better strategy (Lozano-Fernandez, 2022).

1.4 Objectives and thesis structure

The objective of the work conducted in this thesis is to improve the accuracy of
phylogenetic trees by using substitution rate models that are specific to the data under analysis
and consequently more robust to systematic biases than trees constructed using conventional
empirical models. Additionally, I address the impact of among-lineage heterogeneity by
applying methods for identification of tree-heterogeneous data and analysing the impact of
their exclusion from subsequent analyses. | also aim to mitigate the effects of systematic bias
by implementing better-fitting, more complex models, and evaluating strategies for exclusion
of problematic data sorted by appropriate criteria.

The analyses performed in the technical chapters are conducted on proteins as amino
acids evolve substantially slower than the underlying nucleotide data and are deemed more
appropriate data to reconstruct ancient relationships. Subsequently, the objective is to
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reconstruct relationships among Streptophyta using new and Dbetter-fitting amino-acid
substitution models.

Chapter Il evaluates current methods to estimate amino-acid substitution models from
empirical data. With the availability of increased amounts of data and improved
computational performance, phylogeneticists now have the possibility to define and deploy
data-specific protein substitution models instead of choosing from pre-computed models.
However, to date, the accuracy of existing methods for calculating amino-acid substitution
models has not been fully evaluated. In this study the ability of four widely software to
calculate amino-acid substitution models similar to an original simulation model are
evaluated: namely, 1) 1Q-TREE (Nguyen et al., 2015), 2) FastMG (Dang et al., 2014), 3)
PAML (vers. 4.9i; Yang, 1997), and 4) P4 (vers. 1.3, Foster, 2004). 1Q-TREE, PAML, and
FastMG use an ML estimation method, while P4 can use ML and Bayesian MCMC
procedures to estimate a substitution model. To test the accuracy of methods, data is simulated
using a known amino-acid model and a pre-defined phylogenetic tree. Thereafter, the software
is tested with respect to their ability to calculate an amino-acid substitution model similar to
the original simulation model using the simulation data and a given tree. Data-specific amino-
acid models are also estimated from published data sets and compared with the best-fitting
model employed in the original study. Data-specific models are expected to have a better fit
and be more robust to systematic biases than commonly used and poorer-fitting models.

In Chapter Three the objective is to assess methods that identify tree-heterogeneous
data. The matched-pairs tests of symmetry, marginal symmetry, and internal symmetry can
identify tree-heterogeneous sequences that reject the assumptions of homogeneity and
stationarity. Nevertheless, as multi-comparison and statistical significance tests, the resulting
p-values are required to be adjusted using procedures such as the Bonferroni, Holm,
Benjamini-Yekutieli, and Benjamini-Hochberg (Holm, 1979; Benjamini and Hochberg, 1995;
Benjamini and Yekutieli, 2001). This study uses simulated and empirical data sets to test the
matched-pairs tests of symmetry combined with the latter p-value adjustment methods
regarding their ability to correctly identify tree-heterogeneous sequences. Additionally, the
effect of tree heterogeneity in well-debated phylogenies, namely Bryophyta, Archaeplastida,
and Metazoa, is analysed. This chapter enriches the general understanding of the impact of
systematic bias caused by among-lineage heterogeneity in phylogenetic inference. It explores
and recommends methodologies capable of mitigating tree-heterogeneous biases.

The objective of Chapter Four is to reconstruct the phylogenetic relationships among

Streptophyta, with special emphasis on the difficult to resolve divergence between land plants
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and green algae. Green algae gave rise to land plants approximately 470 Mya ago (Lewis and
McCourt, 2004). However, the precise sister-group lineage to land plants has been
controversial with different phylogenetic analyses placing Zygnematophyceae, Charophyceae,
or Coleochaetophyceae as the sister-group lineage to land plants. This Chapter aims to
integrate the findings from previous chapters by evaluating the effectiveness of the
methodological approaches described therein on these data. Data-specific amino-acid
substitution models have a better fit than the empirical models and would be expected to
enhance the robustness of phylogenetic hypotheses against biases in the inference of the
origin of land plants. Additionally, by using site- and tree-heterogeneous models, site-
partitioning schemes, or removal of fast-evolving sites, or tree-heterogeneous sequences can
increase the accuracy of tree-inference by reducing the effects of model misspecification-
induced artefacts. All these strategies are explored in Chapter Four. It is expected that these
comprehensive analyses of the nuclear, chloroplast, and mitochondria data, and the use of
strategies to mitigate the effects of systematic bias, would enable the reconstruction of a
robust hypothesis for the sister-group relationship to land plants.

Chapter Five provides a discussion of the main findings of this thesis. | discuss the
major conclusions and establish connections and interrelations between the arguments of the
preceding chapters. | analyse the use of data-specific substitution rate models in the different
chapters and strategies used to explore the data signals and mitigate systematic bias,

particularly those biases caused by tree-heterogeneous data.
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Data-specific substitution models improve protein-
based phylogenetics
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protein-based phylogenetics. PeerJ, 11, e15716. https://doi.org/10.7717/peerj.15716
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Data-specific substitution models improve protein-based phylogenetics

Abstract

Calculating amino-acid substitution models that are specific for individual protein data sets is
often difficult due to the computational burden of estimating large numbers of rate
parameters. In this study we tested the computational efficiency and accuracy of five methods
used to estimate substitution models, namely Codeml, FastMG, 1Q-TREE, P4 (maximum
likelihood), and P4 (Bayesian inference). Data-specific substitution models were estimated
from simulated alignments (with different lengths) that were generated from a known
simulation model and simulation tree. Each of the resulting data-specific substitution models
was used to calculate the maximum likelihood score of the simulation tree and simulated data
that was used to calculate the model and compared with the maximum likelihood scores of the
known simulation model and simulation tree on the same simulated data. Additionally, the
commonly-used empirical models, cpREV and WAG, were assessed similarly. Data-specific
models performed better than the empirical models, which under-fitted the simulated
alignments, had the highest difference to the simulation model maximum-likelihood score,
clustered further from the simulation model in Principal Component Analysis ordination, and
inferred less accurate trees. Data-specific models and the simulation model shared statistically
indistinguishable maximum-likelihood scores, indicating that the five methods were
reasonably accurate at estimating substitution models by this measure. Nevertheless, tree
statistics showed differences between optimal maximum likelihood trees. Unlike other model
estimating methods, trees inferred using data-specific models generated with 1Q-TREE and
P4 (maximum likelihood) were not significantly different from the trees derived from the
simulation model in each analysis, indicating that these two methods alone were the most
accurate at estimating data-specific models. To show the benefits of using data-specific
protein models several published data sets were reanalysed using 1Q-TREE-estimated models.
These newly estimated models were a better fit to the data than the empirical models that
were used by the original authors, often inferred longer trees, and resulted in different tree
topologies in more than half of the re-analysed data sets. The results of this study show that
software availability and high computation burden are not limitations to generating better-

fitting data-specific amino-acid substitution models for phylogenetic analyses.
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2.1 Introduction

Maximum likelihood (ML) and Bayesian inference (Bl) phylogenetic methods include
a set of assumptions about the evolutionary process of change in molecular sequences (amino
acids, nucleotides, or codons) that are specified by a substitution rate model. The resulting
phylogenetic trees (topology and branch lengths) are dependent on the model, and a poor fit
of the model to the data will affect the accuracy of tree reconstruction (Keane et al., 2006;
Cox and Foster, 2013). Substitution rates at sites are assumed to follow a continuous-time
Markov chain model: sites evolve independently of each other through time and are described
by a probability of change at any particular site, where the states of the chain, and the
probability of change from the current state, do not depend on the past states (Felsenstein,
2004; Yang, 2014). For analyses of proteins, an amino-acid substitution model is usually
expressed as a 20x20 instantaneous rate matrix, where each off-diagonal element is the
product of the relative rate of exchange between amino acids and the equilibrium frequency of
the resulting amino-acid (Swofford et al., 1996). Typically, only 189 instantaneous rate
parameters are considered, because the evolutionary process is assumed to be reversible at the
same rate (a time-reversible process). Change in the substitution rate among sites is typically
accommodated by modelling the distribution of rates with a discrete gamma-distribution
(Yang, 1994).

During phylogenetic tree reconstruction it is expected that the substitution rates
specified in the model are a good fit to the evolutionary process underlying change in the
sequence data being analysed. Traditionally, large sets of proteins were used to calculate
general models which were then used to analyse new data. These general-fitting, empirical,
models were generated for analyses of particular genomes, or taxon groups. The use of
empirical models is especially important when the new data to be analysed are of limited size
and therefore unlikely to be sufficient to estimate all the substitution model rate parameters.
Moreover, in the past, analyses of large data sets appropriate for calculating data-specific
substitution rates, imposed a considerable computational burden. Nevertheless, despite today
there being a general increase in the size of protein data sets used in phylogenetics, and the
availability of faster computers with more efficient algorithms for calculating substitution
models, the use of pre-computed, empirical models for the analysis of amino-acid sequences
is still almost ubiquitous in phylogenetic practice.

The first widely-used amino-acid substitution models, namely the Point Accepted
Mutation (PAM) matrices (Dayhoff et al., 1978) and the JTT model (Jones et al., 1992), were

derived from nuclear protein data using parsimony counting methods. By contrast, the
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mitochondrial mtREV model (Adachi and Hasegawa, 1996) and the chloroplast cpREV
model (Adachi et al., 2000), were estimated using ML but on smaller data sets (< 100000
amino-acids) due the computational burden of optimising both substitution rates and branch
lengths simultaneously. The nuclear genomic models, WAG (Whelan and Goldman, 2001)
and LG (Le and Gascuel, 2008), were also estimated using ML but with far larger data sets
(~900,000 and ~ 6.5 million amino-acid residues respectively), although optimisation
procedures were simplified again to reduce computational burden. The only known amino-
acid substitution model to have estimated using Bayesian Markov Chain Monte Carlo
(MCMC) routines is the gcpREV calculated for chloroplast data of Streptophyta plants (Cox
and Foster, 2013). The gcpREV model was shown to have a better fit to Streptophyta plant
data than the more general plant cpREV model which was calculated with the inclusion of red
algae. Likewise, protein-specific substitution models were found to be a better fit to protein
virus data than the available empirical substitution models (Del Amparo and Arenas, 2022).
These analyses demonstrate a common expectation that a model calculated specifically for the
data-at-hand is going to be a better fit to the data than a more general-fitting model which
might have wider application but less specificity, and therefore result in a theoretically better
justified phylogenetic hypothesis.

With the ever-increasing availability of sequence data due to improvements in
sequencing technologies, allied with the increased computational performance of modern
computers, more than ever before phylogeneticists have the possibility of calculating and
using data-specific protein substitution models instead of choosing from pre-computed
empirical models. However, to date, the accuracy of existing methods for calculating amino-
acid substitution models has not been evaluated collectively. In this study, we assess five
methods for their ability to estimate accurate amino-acid substitution models: the methods are
implemented in the programmes Codeml (PAML; Yang, 1997, 2007), FastMG (Dang et al.,
2014), IQ-TREE (Nguyen et al., 2015), and P4 (Foster, 2004). Each method estimates the 189
free rate parameters of a general time-reversible model using ML optimisation procedures. P4
can also estimate a substitution model using Bayesian methodology by sampling parameters
from the posterior distribution of a MCMC.

To test the efficiency of the five methods, amino acid sequence data were simulated
using a known amino-acid model (gcpREV) and a specified phylogenetic tree. Thereafter, the
methods were tested with respect to their ability to calculate an amino-acid substitution model
similar to the original simulation model. The new data-specific models were compared to the

simulation model with respect to the likelihood scores of the simulation tree, clustering
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distance (Principal Component Analysis (PCA)), and the similarity of the topology and
branch lengths of reconstructed optimal trees with respect to the simulation tree. The analyses
using data-specific models were also compared to those using the commonly-used empirical
models (cpREV and WAG). Additionally, data-specific amino-acid models were estimated
for a set of published phylogenetic analyses and the results using the new models compared
with the results from the chosen models used in the original studies.

2.2 Methods
Analyses of simulated sequence data using data-specific models and assessing five model
estimation methods

Amino-acid sequence alignments were generated in P4 (vers. 1.3) by simulating
sequence evolution using the gcpREV substitution model and a 26 taxon tree (taken from
Sousa et al., 2019) with fixed branch lengths (total tree length 7.74 expected numbers of
substitutions per site). The simulation process consisted of generating a random root sequence
and evolving it over the simulation tree under the process specified by a simulation model
(Foster, 2004). The gcpREV substitution model was used as simulation model. The root
sequence had the model-specified gcpREV composition (Fmeq) and sites were evolved under a
discrete gamma-distribution of among-site rate variation, discretised with 4 categories (I's).
100 simulated alignments were generated with each of 400, 1500, and 8000 site lengths,
which corresponds to a mean expected number of substitutions per branch of 63.2, 236.9, and
1263.6 respectively. It should be noted that we do not consider the effect of incomplete
sequences on model selection or reconstruction in this study.

The methodology used to assess the accuracy of the methods for calculating
data-specific models is shown in Figure Al. Data-specific amino-acid substitution models
were estimated using ML optimisation in Codeml (PAML, vers. 4.9i), FastMG (vers. beta),
IQ-TREE (vers. 1.6.8), and P4 (vers. 1.3), and by Bl in P4. Model parameters were calculated
for a general time-reversible model (GTR; Tavaré 1986), with among-site rate variation (I's),
and optimised composition frequencies (Fest), except when using Codeml where the
composition frequencies are set to the empirical values of the data (Femp). Model parameters
were estimated using the simulation tree as a constraint (both topology and branch lengths) to
reduce the variability in the methodology and enable a more direct comparison of calculating
methods. Similarly, the method used in FastMG did not include the ‘“alignment split
algorithm” (use to reduce computation burden on calculating ML trees of large data sets) so

that the estimation could be constrained to the simulation tree. For the Bayesian estimation of
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substitution model parameters MCMC analyses were run using P4 for 600,000 generations
sampling parameter values every 100 generations, for a total of 6,000 samples. Of the
posterior distribution samples, 1,000 were dis-carded as “burn-in”, and the substitution rates
calculated as the mean values of the remaining 5,000 samples.

The data-specific models estimated using the five software methods are logical
equivalents to the empirical models (WAG, gcpREV, and cpREV) to which they were
compared in this study. In other words, all model comparisons had the same numbers of
parameters (190 amino-acid fixed exchange rate parameters and 20 fixed amino-acid
frequency parameters, and one free parameter for the alpha variable of I'4). The AIC (Akaike,
1973) or BIC (Schwarz, 1978) metrics are often used to compare substitution models when
the numbers of parameters vary between models. However, because all the models compared
in this study had the same number of parameters, the model-fit to the data was assessed using
the log likelihood scores.

The estimated data-specific models and the commonly-used empirical models (cpREV
and WAG) were visually compared to the simulation model (gcpREV) via ordination using
PCA, after first normalizing the rate parameters of each data-specific model were normalized
by dividing each value by the sum of the 189 parameters. Mean rate parameters were then
calculated from each set of data-specific models calculated using each of the five methods and
each of the three alignment lengths (400, 1500, and 8000 sites).

Data-specific models were compared to the simulation model with respect to their fit
to the data. ML scores were calculated using 1Q-TREE for each data-specific model (with T's
and Frog) On the same alignments the models were derived from, with the simulation tree as a
constraint (topology and branch lengths). Similarly, ML scores using the equivalent models
were calculated for gcpREV, cpREV, and WAG empirical models. The cpREV was chosen
because it was determined by ModelFinder (implemented in IQ-TREE; Kalyaanamoorthy et
al., 2017) as the best-fitting empirical model to the simulated alignments. By contrast, the
WAG model, being derived from nuclear data, would be expected to have a lower fit to the
data than cpREV. The statistically significant differences between ML scores were assessed
using a two-tailed independent t-test (Student, 1908). Because the latter test assumes a normal
distribution of the data, ML scores were tested using the Shapiro-Wilk test, which assessed
the normality of the data (Shapiro and Wilk, 1965). The t-test null hypothesis assumed equal
score means between the simulation model analyses and each data-specific model, cpREV,
and WAG analyses. The null hypothesis was rejected with a p-value (P) significant at < 0.05.

However, an not-rejected null hypotehsis using log-transformed data (where each variable x is

31



replaced by log(x)), does not necessarily imply the same for the untransformed values, mainly
when the variances of the log-transformed data are unequal (Zou et al., 1997). Nevertheless,
the analyses of log likelihood scores using the F-test of equality of variances (assess whether
the variances between samples are equal) did not reject the assumption of equality of the
variances between the gcpREV scores and each model scores, indicating that the analyses of
the log likelihood values are likely in agreement with the untransformed likelihood values.
Tree reconstruction accuracy was tested for each data-specific model (with I's and
Fmod) by comparing optimal ML tree topologies and branch lengths reconstructed with 1Q-
TREE with the simulation tree. The topological accuracy was assessed using the unweighted
Robinson-Foulds (RF; Robinson and Foulds, 1981) and weighted Robinson-Foulds (WRF;
Robinson and Foulds, 1979) tree metrics, as implemented in P4. The RF measures the number
of branches that differ between the trees, while the WRF distance is the sum of the differences
between all branch lengths. Additionally, the tree length (the sum of all branch lengths) of
each optimised ML tree was compared to the simulation tree length. The statistically
significant differences between tree distances were assessed using a two-tailed independent t-
test, where the null hypothesis assumed a WRF mean distance and mean tree length difference
equal to the simulation model tree results. The null hypothesis was rejected with a P
significant at < 0.05. The assumption of normality of the data was assessed using the Shapiro-
Wilk test. When the latter was rejected, the Wilcoxon test (Wilcoxon, 1945) was used instead
of the t-test. The Wilcoxon test is a non-parametric test used to assess the null hypothesis of

equality of the score means under the non-normality assumption.

Re-analysis of published studies using data-specific models

To determine whether the use of data-specific amino-acid models would likely impact
the results of phylogenetic analyses of empirical data, data-specific substitution models were
estimated from published data sets using a GTR (with I'4 and Fest) model in IQ-TREE
(Appendix Table Al). Optimal ML trees were inferred from the published data sets using the
data-specific models with the same among rate site variation parameters as used in the
original studies. The resulting ML trees were compared to the original published trees with
respect to their ML score, topological distance, and total tree length. The topological distances
were calculated as a normalized RF (nRF) distance metrics (RF/RFmax, where RFmax is
obtained by 2*(number of taxa-3); Kupczok et al., 2008). Where optimal ML trees and their
scores were not available from the original publication, they were computed using the

published trees and the original model.
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The data products (protein alignments, calculated substitution models, and trees) are
available from Zenodo: Jodo Brazdo. (2023). Data-specific substitution models improve
protein-based phylogenetics—data [Data set]. Zenodo.
https://doi.org/10.5281/zenodo.7628408. The novel scripts used to make calculations and a
machine actionable RO-Crate metadata specification are available from GitHub:
https://github.com/joaobrazao/Data-specific-substitution-models-improve-protein-based-

phylogenetics.

2.3 Results
Simulated sequence data analyses and assess five methods for estimating substitution
models

Simulated sequence alignments were used to test the accuracy of five methods to
generate data-specific amino-acid substitution models. The data-specific models were
assessed by comparison to the simulation model with respect to ML scores calculated on the
alignments the data-specific models were derived from, when using the simulation tree as a
constraint (Table 2.1; Appendix Fig. A2). The ML scores from each set of analyses had a
normal distribution according to the Shapiro-Wilk test and equal variance to the simulation
model values. All five methods resulted in data-specific models that were a close fit to
simulation model (gcpREV), that is, the mean ML scores of each set of alignment lengths
were similar to the ML score of the simulation model. Besides, apart from those data-specific
models of 8000-site alignments estimated using FastMG, ML mean scores of data-specific
models from all methods were higher than the simulation model mean scores. Data-specific
models estimated using the P4-Bl and FastMG method had the lowest difference to the
simulation model score. The analyses using the P4-Bl-estimated models had a mean score
difference from the simulation model by 35, 55, and 82 log likelihood units, when inferred
from 400, 1500, and 8000-site alignments respectively, while FastMG-estimated model
analyses had a mean score difference by 73, 45, and -21 units. The P4-ML-estimated models
had the highest mean scores and varying between 91 and 102 likelihood units when compared
to gcpREV mean likelihood scores. The differences of the Codeml- and 1Q-TREE-estimated
models to the simulation model were between 83 and 93 and between 81 and 88 likelihood
units, respectively. Nevertheless, the likelihood scores resulting from data-specific model
analyses were not significantly different from simulation model scores. By contrast, the mean
ML scores derived from commonly-used empirical models were significantly lower than the

simulation model scores (P<0.05 as assessed by a two-tailed t-test; Table 2.1), apart of the
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cpREV analyses using the 400-site alignments. The mean likelihood scores calculated using
the cpREV model deviated from the gcpREV analyses by -88, -332, and -1770 units when
inferred from 400, 1500, and 8000-site alignments respectively, while WAG mean scores
deviated by -243, -903, and -4837 likelihood units.

Table 2. 1 - ML scores were calculated using data-specific models (+I'4+Fmod) With the
topology and branch lengths constrained to those of the simulation tree used to derive
the simulated data. ML scores using the equivalent models were calculated for gcpREV,
cpREV, and WAG empirical models for comparison. The null hypothesis of no difference
between the mean ML scores of the simulation model (gcpREV) and the mean scores
resulting from the estimated models, cpREV, and WAG was rejected with a p-value (P)
significant at < 0.05 (*), under a two-tailed t-test.

_ ) Mean ML scores of the simulation tree for 100 simulated data sets
Amino-acid (log likelihood units)
substitution .
models 400 sites 1500 sites ( f:;::ui:f:on
(+T'4+Fmod) (A simulation model) | (A simulation model)
model)
_ OpREV 10,781 40,417 215,294
(simulation model)
COREV -10,869 -40,749* -217,064*
P (-88; 0.10) (-332; 0.0) (-1,770; 0.0)
-11,024* -41,318* -220,131*
WA i) H ]
G (-243; 0.0) (-902; 0.0) (-4837; 0.0)
Codeml-estimated -10,698 -40,326 -215,201
models (83;0.12) (91; 0.37) (93; 0.63)
FastMG-estimated -10,708 -40,372 -215,315
models (73; 0.17) (45; 0.66) (-21; 0.91)
IQ-TREE- -10,700 -40,329 -215,209
estimated models (81;0.13) (88; 0.38) (85; 0.66)
P4-ML-estimated -10,690 -40,317 -215,191
models (91; 0.09) (100; 0.32) (102; 0.59)
P4-Bl-estimated -10,745 -40,361 -215,212
models (35; 0.52) (55; 0.58) (83; 0.67)

Accuracy of the estimated amino-acid models was also assessed by visually inspecting
a PCA ordination between the gcpREV simulation model, cpREV and WAG empirical
models, and the mean rates of the estimated data-specific models (Fig. 2.1). Mean-rate models
were calculated from the mean of the normalised rates of data-specific models according to
each alignment length. The cpREV and WAG models were two of the three most distant
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models from the simulation model (the other being the P4-Bl-estimated 400 sites model),
corroborating the likelihood score comparison analyses. By contrast, the mean models
calculated from the Codeml- and P4-ML-estimated models clustered closest to the simulation
model. The P4-Bl-estimated mean rate models computed using the 1500 and 8000-site
alignments were also relatively close to the simulation model, while the 1Q-TREE derived
models were more distant. FastMG mean models were clustered together further than the
other mean rate models. Generally, the longer the simulated alignment, the closer the
estimated model was to the simulation model in the ordination. However, this was not the
case for Codeml- and FastMG-estimated models where the length of the simulated data had

less effect on the overall accuracy of the estimated models.

Figure 2. 1 - Principal Component Analysis of model exchange values. Ordination of the
mean values of the normalised exchange rate model parameters of the data-specific models
(named according to the calculation method and simulated data length), the gcpREV
simulation model, and the cpREV and WAG empirical models.

The estimated data-specific models were also assessed with respect to their ability to
reconstruct the topology and correctly estimate the branch of the simulation tree during and
unconstrained tree search (Appendix Table A2). The optimal ML trees inferred from 1500
and 8000 site simulated alignments always recovered the correct topology, i.e., the same as
the simulation tree. However, the trees inferred from the 400-site alignments using data-
specific models failed in 19-22% of replicates to recover the correct topology, having a RF
mean varying between 0.38 and 0.44. The cpREV and WAG derived trees topologically
different to the simulation tree 24 (mean RF 0.48) and 25 times (mean RF 0.54) respectively,
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whereas the simulation model itself failed to recover the simulation tree 22 times (mean RF
0.44).

The WRF mean distances between the optimal ML trees and the simulation tree
decreased as the length of the data set increased. The Shapiro-Wilk test indicated the
normality of the data for each set of WRF distances, except for the 1500-site alignment
analyses using the FastMG-estimated models. The cpREV and WAG derived trees had the
highest WRF distances and were significantly different from the simulation (gcpREV) model
derived statistics (P<0.05; Fig. 2.2; Table 2.2). The WRF distances computed using the
FastMG-estimated models had a higher difference to WRF means derived from the simulation
model than the remaining data-specific models at all data lengths, and statistically higher
when computed using the 1500- and 8000-site alignments. The P4-ML-estimated models had
the lowest WRF mean distance within the analyses using the 1500-site alignments. The
analyses of the 8000-site alignments using the 1Q-TREE- and P4-estimated (ML and BI)
models shared the lowest WRF mean distances overall and the closest to the simulation
model. The WRF distances resulting from Codeml-estimated model analyses were the closest
to the gcpREV values, when using the 400- and 1500-site alignments. Nonetheless, the WRF
mean distances computed using the optimal trees derived from the Codeml-, IQ-TREE-, and
P4-estimated models were not significantly different to the simulation model results.
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Figure 2. 2 - Box-plots of weighted Robinson-Foulds distances between the simulation
tree and the optimal ML trees and the optimal tree lengths. The ML trees were inferred
using data-specific models, the gcpREV (simulation model), cpREV, and WAG (+I"4+Fnoq).
The simulation tree length is 7.74 substitutions per site (dashed line). The statistical test
evaluates the null hypothesis of no difference between the means of the tree metrics of the
optimal trees derived using the simulation model and the means of tree metrics derived from
the estimated models, cpREV, and WAG. The null hypothesis was rejected with a p-value (P)
significant at < 0.05 (*) and < 0.01 (**), under a two-tailed t-test. The weighted Robinson-
Foulds distances and tree length differences computed from the 1500-site alignments using
the FastMG-estimated and P4-Bl-estimated models, respectively, were assessed using the
Wilcox test because the assumption of normality was rejected according to the Shapiro-Wilk
test.
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Table 2.2 - Weighted Robinson-Foulds (WRF) distances between the simulation tree and
the optimal ML trees and the optimal tree lengths. The ML trees were inferred using data-
specific models, the gcpREV (simulation model), cpREV, and WAG (+I'4+Fmod). The null
hypotheses of no difference between the means of the tree metrics of the gcpREV derived
trees and the means of tree metrics derived from the estimated models, cpREV, and WAG
were rejected with a p-value (P) significant at < 0.05 (*), under a two-tailed t-test or under the
Wilcox test (a) where the assumption of normality was rejected according to the Shapiro-Wilk

test (substitutions=subs).

Mean A
) . Mean A gcpREYV mean optimal |simulation o Atigr;gerﬁ;n
Data |AAMino-acid WRF WRF tree tree P et
ot |SUbstitution length length 9
models
. . . . Subs/
Subs/site | Subs/site P Subs/site | Subs/site site P
gcpREV 1.135 - - 7.797 0.054 - -
CpREV 1.179 0.044 5x10702 7.122 -0.621 -0.675| 3x1073*
WAG 1.312 0.177 4x10712* 6.819 -0.924 -0.978 | 5x107%7*
400 Codeml-estimated 1.140 0.005 8x10% 7.828 0.085 0.031 | 5x1001=*
sites |FastMG-estimated | 1.112 | -0.023 3109 | 7452 | -0291 | -0.344| 3x102*
IQ-TREE-
estimated 1.117 -0.018 4x10°1 7.756 0.013 -0.040| 4x10%
P4-ML-estimated 1.116 -0.019 4x10°1 7.790 0.047 -0.007| 7x100
P4-Bl-estimated 1.114 -0.021 3x10% 7.455 -0.288 -0.342 2x10718
gcpREV 0.582 - - 7.780 0.037 - -
CpREV 0.799 0.217 8x1042* 7.116 -0.627 -0.664 | 5x107°*
WAG 1.043 0.461 1x1072* 6.797 -0.946 -0.983| 9x109%° *
Codeml-estimated 0.583 0.001 9x10% 7.811 0.068 0.032 | 2x10™
1500 |FastMG-estimated | 0.621 0.039 1x1004*2 | 7.470 0273 | -0.310| 3x10%*
sites
IQ-TREE-
estimated 0.574 -0.008 4x10°1 7.754 0.011 -0.026| 2x100
P4-ML-estimated 0.573 -0.009 4x10°1 7.769 0.026 -0.011 4x10701
3x108
P4-Bl-estimated 0.577 -0.005 6x1001 7.667 -0.076 -0.113 *8
gCcpREV 0.251 - - 7.750 0.007 - -
Ox101%%
CpREV 0.666 0.416 1x10102 * 7.094 -0.649 -0.656 *
2x10-167
WAG 0.968 0.717 3x10-144* 6.783 -0.960 -0.968 *
8_?00 Codeml-estimated |  0.258 0.007 1x109 7.803 0.060 0.052 | 2x10%*
sites
FastMG-estimated 0.368 0.118 2x1040 * 7.445 -0.298 -0.306 | 2x1078*
IQ-TREE-
estimated 0.249 -0.002 8x10% 7.753 0.010 0.002 8x10
P4-ML-estimated 0.249 -0.001 8x10% 7.749 0.006 -0.001 9x10%
P4-Bl-estimated 0.249 -0.001 8x1001 7.725 -0.018 -0.025| 1x10702*
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The optimal ML trees inferred using the cpREV and WAG models had the highest tree
length differences to the simulation tree, did not converge with the simulation tree with longer
alignments and were significantly shorter (P<0.05 as assessed by a two-tailed t-test) than
gcpREV derived trees (Table 2.2; Fig. 2.2). The mean length of the optimal trees inferred
using the Codeml-, 1Q-TREE-, and P4-estimated (ML and BI) models converged with the
simulation tree length, as the alignment length increased. The optimal trees resulting from 1Q-
TREE- and P4-ML-estimated models were the closest to the simulation tree and gcpREV
derived trees (P>0.05) about the mean tree length. The Codeml-estimated models also
inferred tree lengths close to the simulation length and not significantly different from the
gcpREV derived trees, except when computed using the 8000-site alignments. The optimal
trees inferred using the P4-BI estimated models were shorter than the simulation tree and
significantly different from the gcpREV derived trees, regardless the alignments length.
Nevertheless, their lengths converged strongly with the simulation tree and simulation model
trees, as the alignment length increased. The optimal tree lengths inferred from the 1500-site
alignments using the later models were the only values to not have a normal distribution. The
optimal ML trees inferred using the FastMG-estimated models were the shortest trees (within
data-specific model analyses), significantly different from the gcpREV derived trees, and did
not improve with longer alignments.

The estimation of amino-acid substitution models using P4-Bl took by far the longest
time, taking approximately 34, 68, and 322 hours, when inferred from 400, 1500, and 8000-
site alignments respectively. By contrast, P4-ML (32-756 minutes), Codeml (14-265
minutes), 1Q-TREE (17-155 minutes), and FastMG (1-3 minutes), to considerably less time to
compute data-specific models (Appendix Table A3).

Re-analysis of published studies using data-specific models

The effectiveness of using data-specific models, estimated using 1Q-TREE, was also
assessed by reanalysing published empirical data sets and comparing them to commonly-used
substitution models (Table 2.3). The re-analyses of the Timme (2012) and the Zeng (2014)
data sets recovered the same topologies as the original published trees, though 2% and 13%
longer, respectively, and with likelihood scores of -720,951 and -758,752 log likelihood units,
improving on the published scores by 1,486 and 5,972 units, respectively. The optimal ML
tree inferred from the Lelieart (2016) data set using a data-specific model had a score of -

483,209 log likelihood units, 3,590 units higher than the original model derived tree score,
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and was 3% longer with a topological distance of 0.05 (nRF) to the tree inferred using the
original model. The re-analysis of the Chang (2015) data set using a branch-linked partition
model and a data-specific model recovered a tree of score -2,305,041 log likelihood units.
Feuda (2017) also reanalysed the same data set with a branch-linked partition model; however
the published tree score was 16,788 units lower. The topology inferred using the data-specific
model was the same as the published tree topology, but 16% longer. The ML tree inferred
from the Munro (2018) data set using a data-specific model was longer 10% than the original
published tree and had a score of -8,070,115 log likelihood units, an improvement of 43,580
units over the published tree score. The resulting tree topology was congruent with the
original tree, except for the placement of Erenna richardi (nRF = 0.03). The optimal tree
resulting from the Schulz (2018) data set using a data-specific model had a score of -470,898
log likelihood units, 1,407 units higher than the original published analysis. The tree was 10%
shorter than the published tree and had a nRF distance of 0.02. The re-analysis of the
Schwentner (2017) recovered an optimal ML tree 1% longer and with a topological distance
of 0.05 (nRF) to the original published tree, and with a score of -443,135 log likelihood units,
1,375 units higher than the original tree score. The re-analyses of the Toussaint (2018) data
set included a data-specific model (estimated from the concatenated data set) and different
partition schemes, namely, a single partition, a by-locus partition scheme (366 partitions), and
a PartitionFinder scheme (27 partitions; from the original study). The reanalysis of the
concatenated data set (single partition) had the lowest score (-620,234 log likelihood units) of
the data-specific model analyses. Nevertheless, it was higher than any ML tree score of the
original analyses. The Bayesian information criteria of the partition analyses using data-
specific models were also higher than the original analyses using the same scheme.
Additionally, an optimal tree was inferred using the Partition-Finder scheme with separate
data-specific models for each partition which had the highest fit to the data, -610,590 log
likelihood units. The data-specific model derived trees had longer lengths, between 4% and
9%, and a nRF varying between 0.007 and 0.022 to the originally published trees. The re-
analyses of Irisarri (2020) data set recovered a ML tree with a score of -114,615 log
likelihood units, fitting the data better than the original model by 541 units. The resulting
topology was to the same as the published tree, although 6.6% longer. The ML tree inferred
from the Koenen (2020) data set was 4.2% longer than the original published tree and had a
topological distance of 0.07 (nRF). The tree score was -571,563 log likelihood units, an

improvement of 38,056 units over the published tree score.
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Table 2.3 - ML score and length of the optimal trees inferred using data-specific models.
Data-specific models were estimated using a GTR (+I's+F¢s) model in IQ-TREE. Normalised
Robinson-Foulds (nRF), tree score and length differences were calculated using the optimal
trees derived from the data-specific models and the trees derived from the original models.

Likelihood | Tree score Tree .Iength
. Tree variance
tree score |improvement lenath (Percentage
Study Model (log (log _g . g nRF
. I (Substitutions of
likelihood likelihood . N
. . per site)  |substitutions
units) units) .
per site)
Timme et Data-specific 0
al. 2012 model 4T -720,951 1,486 4.7 2.0% 0
Zeng et al., | Data-specific o
2014 model +T'g+] -758,752 5,972 94 12.8% 0
Leliaertet | Data-specific o
al. 2016 model +T -483,209 3,590 13.9 3.2% 0.05
Feuda et
al., 2017 Branch-linked
(Chang data | model + data- | -2,305,041 16,438 19.2 15.9% 0
setetal., specific model
2015)
Munro et Data-specific 0
al. 2018 model +R,+F -8,070,115 43,580 9.2 10.1% 0.03
Schulz et Data-specific o
al. 2018 model +Rs -470,898 1,407 76.3 -10.2% 0.02
Schwentner Data-specific
etal., 2017 P -443,135 1,375 6.3 1.1% 0.05
) model +R4
(Matrix 1)
Data- ifi
FASPECINC 1 620324 | 10,385 1.9 6.9% | 0.01
model +R4
Branch-
unlinked
. 366-partition + | -615,428 9,259 2.5 3.9% 0.02
Toussaint data-specific
etal., 2018 mo?jel
(DT369)
Branch-
unlinked
27-partition + -616,082 11,171 2.0 8.5% 0.01

data-specific
model
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Branch-
unlinked
27-partition + -610,590 16,664 2.0 8.9% 0.01
data-specific
models/partition

Irisarri  et| Data-specific

- 0
al., 2020 model +T4+I 114,615 540 20.8 6.6% 0

Koenen et| Data-specific

- 0
al., 2020 model +R; 571,563 38,056 7.2 42% | 0.07

2.4 Discussion

In this study data-specific substitution models were calculated from simulated
sequence data (simulated using a specified substitution model and tree) using five different
estimation methods. An accurate model estimation method would be expected to estimate
models that are similar to the model used to simulate the data, and result in phylogenetic trees
that were similar to the simulation tree with respect to likelihood and topology. Our results
showed that data-specific substitution models consistently out-performed empirical,
commonly-used, pre-computed substitution matrices. We simulated data using the gcpREV
model (Cox and Foster, 2013) which was computed for green plant chloroplast data and was
intended to more accurately reflect the amino-acid substitution patterns found in green plant
chloroplasts when compared to the commonly used cpREV substitution model (Adachi et al.,
2000) that was estimated from green and non-green plant chloroplasts. The gcpREV model is
not commonly-used, and is not used in any of the popular model selection software used to
select best-fitting amino-acid substitution models (e.g. ProtTest; Abascal 2005). The gcpREV
simulation model can therefore been seen as a single point in amino-acid substitution space;
but it is not a random “distance” from any of the empirical models, just an arbitrary point.
Had a simulation model more similar to one of the commonly-used empirical models been
chosen, however, the results of the estimated models may not have been distinguishable from
those of the empirical model. Nevertheless, given that all of the analyses of published studies
(discussed below) showed that data-specific substitution models result in better-fitting
models, we suspect that unless the data are “very close” to being modeled accurately by one
of the commonly-used empirical models a data-specific model will be a significantly better
fit. Putting aside a caveat regarding data size, given the efficiency at which data-specific
exchange rate models can be generated, and their accuracy (see below), it seems unlikely that

using an empirical exchange rate model can be justified no matter how closely the data fit the

42




model. The cpREV model was found to be better-fitting than the WAG model to all simulated
data, as would be expected. However, the two empirical models, cpREV and WAG, were of
much poorer fit to the data than the estimated data-specific substitution models. Indeed,
compared to data-specific models, they inferred shorter trees with greater mean WRF and tree
length differences to the simulation tree and simulation model (gcpREV) derived trees and
failed more often to recover the correct (simulation) topology.

The ML scores of the simulated data on the simulation tree using the data-specific
models estimated by each of the five methods were overall similar to each other (Table 2.1;
Appendix Fig. A2) and were not statistically different from the ML tree scores of the
simulated data using the simulation model. Nevertheless, the tree statistics of the optimal trees
sometimes differed between the analyses using the data-specific substitution matrices
estimated by the different methods and those estimated by the simulation model (Table 2.2;
Fig. 2.2). Specifically, mean WRF distances of optimal trees under the FastMG-estimated
model analyses using 1500- and 8000-site alignments were significantly different than the
WRF values of the optimal trees derived when using the simulation model. Moreover,
FastMG-estimated trees were significantly shorter than the optimal tree lengths derived from
the simulation model at all data lengths. P4-Bl-estimated models also inferred optimal trees
that were significantly shorter than the optimal trees derived from the simulation model. By
contrast, the remaining estimation methods (Codeml, 1Q-TREE, and P4-ML) all estimated
optimal trees with mean WRF and lengths statistically indistinguishable from the simulation
model derived trees, except for optimal trees estimated by Codeml for 8000 length data sets
which were significantly longer than those of estimated from the simulation model. Codeml
uses empirical composition frequencies instead of optimised values, which may explain the
lower accuracy compared to the 1Q-TREE and P4-ML methods using the longest alignments
where more data enable a more precise estimation of the composition.

Data-specific models inferred optimal trees with higher ML scores compared to trees
from the simulation model (with the exception of trees inferred from the 8000-site alignments
using FastMG-estimated models, Table 2.1). This is expected because the data-specific
models had free and optimized parameters while the simulation model analysis did not.
However, the increase in ML values was not significant for any of the estimation methods,
suggesting that even the shortest data set that we used was sufficient, by this measure, to
approximate the simulation model. The difference in ML values between the data-specific
models and the simulation model did not show a noticeable trend over data set sizes (Table

2.1). For example, the average differences between the P4-ML-estimated trees and the
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simulation model trees were more or less constant at 91, 100, and 102 log units over
increasing data set sizes, and as mentioned above none of these differences were significant
(with corresponding t-test p-values 0.09, 0.32, and 0.59). Increasing p-values of this
difference over data set sizes is seen in all estimation methods and is expected because more
data will make the optimized parameters in the data-specific models closer to the simulation
model parameters. On the other hand, the alignment length had an impact on the model
estimation accuracy of all methods: a putative sample size effect, which is most pronounced
in the 400-site alignment analyses, is diminished by more data. In the PCA ordination, the
data-specific models estimated from the 400-site alignments clustered further from the
simulation model than the models estimated from longer alignments. Moreover, around 20%
of optimal trees resulting from the 400-site alignments had a different topology to the
simulation tree, while analyses of longer alignment lengths always recovered the simulation
topology and had more similar tree and branch lengths of the simulation tree. Despite the
observation that 400 sites are still sufficient to estimate accurate data-specific models when
considering the lack of significance difference between the ML means compared to those of
the simulation model (Table 2.1), data this length will likely suffer from a higher sample size
effect and produce a poorer approximation of the simulation model than those estimated with
more data, as suggested by the inaccurate topologies estimated with data this length.

Although the Bayesian model estimation method was relatively accurate compared to
ML estimation methods, it took considerable time to implement and would seem
impracticable for typical experimental conditions. By contrast, analyses using all four ML
estimation methods were completed in reasonable times even for 8000-site alignments; where
we consider reasonable as being assessed in the context of the time needed to generate the
data sets and perform typical phylogenetic analyses. However, FastMG, and Codeml to a
lesser extent, may be less effective estimation methods where tree and branch lengths are
especially important (e.g. dating analyses or molecular rate estimation) for the reasons
outlined above. Overall, the 1Q-TREE and P4-ML estimation methods appear accurate and
time efficient (especially 1Q-TREE) and can be recommended for practical use. Indeed, data-
specific model estimation appears to be effective even at small sequence data lengths (e.g.
400 sites), as while the estimated models may be inaccurate to some extent perhaps even
leading to topological errors, they are also certainly going to be more accurate than pre-
computed empirical models unless the data are perchance accurately modeled by one of the
very few published models. This interpretation of the simulation results seems to be borne-out

by the re-analysis of data from published studies.

44



The data sets from the published studies we re-analysed varied in numbers of taxa
from 14 to 138, had between 5,095 to 365,699 amino acid sites, and included data from
nuclear, chloroplast, mitochondria, and viral genomes. In all cases the data-specific models
generated in this study were a better fit to the data than the models used in the original studies.
Nine of 13 optimal trees inferred using data-specific models were topologically different to
the trees published in the original studies (nRF = 0.01-0.07). In addition, optimal trees
resulting from data-specific models were longer than the original published trees by between
1.1 and 15.9%, suggesting the that the increased lengths observed in these re-analyses are not
artefactual but due to better-fitting models. By contrast, the single viral data set (Schulz et al.,
2018) had an exceptionally high estimated number of substitutions per site (90.3) where the
data-specific model estimated 10.2% fewer substitutions per site. It has previously been
suggested that in most cases commonly used models were inadequate and had a lower ability
to describe Flavivirus data sets (Duchéne et al., 2015), and indeed the results presented here
may suggest that the use of data-specific models may improve accuracy for virus data.

Studies using compound, multi-partition models, such as partition models (Feuda et
al., 2017; Toussaint et al., 2018) and LG4X models (Schwentner et al., 2017; Koenen et al.,
2020), published trees that have lower ML scores than the optimal trees recovered here with
data-specific models and a single data partition. The analysis of the chloroplast data set of
Koenen (2020) using a data-specific model resulted in an optimal tree with a substantial ML
score improvement (given the data set length) over the published tree using the LG4X model.
This result is likely because the LG4X model (Le et al., 2012) was generated from nuclear
data, and therefore a very poor fit to the chloroplast data despite the seeming sophistication of
the model structure. These results indicate that assigning best-fitting empirical amino-acid
substitution models according to a partition scheme, or according to sites assigned under a
distribution-free scheme (LG4X), may not be sufficient to compensate for the use of
inadequately fitting (though best-fitting) empirical substitution models.

Phylogenetic relationships of the optimal trees inferred using data-specific models
were mostly congruent with the original studies. However, re-analysis of the Munro (2018)
data set resulted in an optimal tree where the taxon Erenna richardi was placed differently
from where it was resolved in the published ML tree. In the original study, its relationship
was already noted to be incongruent between ML analyses using a JJT model and Bl analyses
using the CAT-Poisson model (Munro et al., 2018). When using a data-specific model the
optimal tree is congruent with the tree from the original BI CAT-Poisson model analyses,

which suggests that the amino-acid substitution process of the data cannot not be correctly
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accommodated by the JTT model in the original ML analysis. In this study we show that data-
specific models which have better fit to the data (in terms of likelihood) infer more accurate
trees (with respect to topology and branch lengths) than the empirical models. Superficially,
this result seems to contrast with recent analyses by Spielman (2020) who was unable to
distinguish topological accuracy among analyses conducted of simulated amino-acid data
with empirical models selected through relative model fit methods. However, as Spielman
cautions, the results may be due to the possibility of all models have a poor absolute fit to the
data, and indeed, our results suggest a possible reason why that is the case. In our study, we
show that the 400 amino-acid sites simulations with a 63.2 mean number of expected
substitutions per branch only recovered the correct topology (simulation tree) 78% of the time
using the actual simulation model (our Appendix Table A2). The simulation trees used by
Spielman (2020) were (with one exception) much larger (60, 305, 274, 200, 179, 103, 70, and
23 taxa) than used on our study (26), while the amino-acid data set lengths were relatively
small (262, 497, 564, and 661 sites). More importantly, in terms of diversity, at the longest
simulation sequence length of the control simulations (661 sites) only 3 (Spiralia 81.4;
Opisthokonta 100.9; Yeast 145.2-see our Supplementary Information) of the 8 sets had a
mean number of expected substitutions per branch greater than our 400 sites data set (63.2).
None of Spielman’s simulated control data sets had a mean expected number of substitutions
per branch greater than our 1500 site data set (all were considerably lower). Moreover,
Spielman notes that the only simulations to reconstruct the correct topology (simulation tree)
were from analyses of simulated data from the Spiralia, Opisthokonta, or Yeast phylogenies,
suggesting data size and site diversity may be crucial. While these are broad summary
statistics, it does point to the probability that the simulated data sets of Spielman were
insufficiently variable and/or too short to distinguish among the models being compared (see

also Del Amparo and Arenas (2023) for a similar critique).

2.5 Conclusions
Of the five software methods for computing data-specific protein models we

compared, the 1Q-TREE and P4 (ML) methods were shown to be the most accurate, with 1Q-
TREE being the most time efficient of the two. Given the availability of time efficient
software to calculate sufficiently accurate data-specific amino-acid substitution models there
seems longer any justification for using pre-computed empirical models in phylogenetic
analyses, even when the data are limited (~400-sites). Indeed, the time needed to choose a

model from among an assortment of empirical models may be longer than the time needed to
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compute a data-specific model. Moreover, one could imagine a tool that calculates whether
the best-fitting empirical model is a sufficiently good fit to the data when compared to a data-
specific model by simulating data and performing a statistical test, but if our results generalise
to most data, as we suspect they do, then such analyses are superfluous: just use the already

calculated a data-specific substitution model.
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2.7 Appendix

Table Al - Published phylogenetic trees and data sets used in this study. Where optimal ML trees and/or
their scores were not available from the original publication, they were computed using the original model and
the constraint tree if available (*). The amino-acid data set used is indicated when the published study included
several data sets.

Likelihood
. . . ML tree
Sequence Main Amino-acid tree scores lenath
Study d taxonomic |Taxa| Sites substitution (log _g .
data type I (substitutions
groups Model likelihood .
. per site)
units)
;'mzrg‘i;t Nuclear | Streptophyta | 14 | 56,274 | LG+TutFemp | -722,437% 4.6
Z I .
28:2 ®tal. | Nuclear |Angiosperms| 31 | 25,580 | JTT+TuH+Fumy | -764,724% 8.3
Leli -
ale 'Zgrltset Chloroplast | Viridiplantae | 59 | 13,730 | cpREV+Tu+Femy | -486,799% |  13.5%
ggliga etal, Branch-linked
. |
(Chang data | Nuclear Metazoa | 77 | 51040 | Paritionmodel ) oo 478 166
(47 partitions) +
setetal, best-fitting models
2015) g
M . iphono-
unroetal., |\ cear | PN 41 365,609  ITT+RAFem | -8,113,695 8.4
2018 phores
Schulzetal., |\ Glantsoil | o0 | 5005 | LG+Re+Femy | -472,305 93.0
2018 viruses
Schwentner
etal., 2017 Nuclear Arthropods | 40 | 20,227 LG4X -444 511 6.3
(Matrix 1)
Best-fit model 630,709 1 g%
+R4+Femp
Toussaint et Branch-unlinked
L . ) N
al., 2018 Nuclear PabFL't't's;fifsea 138 | 52,287 E’;égt";?tmg 624,687 24
(DT369) P
Branch-unlinked
partition model -627,253 1.8*
(27 partitions)
'Zr(')‘;%”' etal.| Viitochondrial| Mollusca | 34 | 3,653 | M{ZOA+T4tl+Famp| -115,156 195
Koenen et
al., 2020 Chloroplast | Leguminosae | 157 | 25,094 LG4X -571,563* 6.9

(Chloroplast)
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Table A2 - Topological distance between the simulation tree and the optimal ML trees
inferred from the 400-site alignments (100 replicates). The ML trees were inferred using
the estimated data-specific models, the gcpREV (simulation model), cpREV, and WAG
models (+1"4+Fmod).

Amino-acid substitution models Non-simulation trees .RF topological
(+T'+Fmod) recovereq (N of 100 distances (mean of
replicates) 100 replicates)
gCcpREV 22 0.44
CpREV 24 0.48
WAG 25 0.54
Codeml-estimated models 22 0.44
FastMG-estimated models 19 0.38
IQ-TREE-estimated models 20 0.40
P4-ML-estimated models 20 0.40
P4-Bl-estimated models 20 0.42

Table A3 - Times used to calculate data-specific models. Mean times (rounded to a minute)
are given for the calculation of data-specific substitution models using five methods and three
simulated data alignment lengths.

Simulated alignments
Software - - -
400 sites 1500 sites 8000 sites

Codeml 14 minutes 65 minutes 265 minutes
FastMG <1 minute <1 minute 3 minutes
IQ-TREE 18 minutes 45 minutes 155 minutes
P4-ML 32 minutes 121 minutes 576 minutes (9.6 hours)

P4-BI 34 hours 68 hours 322 hours
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Sequence simulation

Estimation of
data-specific models

Assessing substitution
model accuracy:
comparing to
the simulation model and
simulation tree

Simulate sequence data
using the simulation tree
and the gcpREV
(simulation model) with
400, 1500, and 8000 sites,
with 100 replicates for
each length

Estimate data-specific
amino-acid substitution
models from each
simulated data set using the
simulation tree and five
methods, namely, Codeml,
FastMG, |Q-TREE, P4-ML,
and P4-BlI

Constrained ML analyses
of the simulated data sets
using the simulation tree,
data-specific models,
gcpREV, cpREV, and
WAG

PCA ordination of the
estimated data-specific
models, gcpREV, cpREV,
and WAG

Unconstrained ML
analyses of the simulated
data sets using data-
specific models, gcpREV,
cpREV, and WAG

Figure Al - Summary of the methodology. Data sets were simulated using a simulation tree
and substitution model. Data-specific models were then estimated from the data sets using five
methods (Codeml, 1Q-TREE, FastMG, P4-ML, and P4-Bl) and compared to the simulation
model using ordination. Phylogenetic analyses of the data-specific models using constrained and

unconstrained tree topologies were also compared to the simulation trees and model.
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Figure A2 - Box-plots of ML scores of each simulated sequence alignment and its data-
specific substitution rate model derived using five model estimation methods. ML scores
were calculated using data-specific models (+I'4+Fmog) With the topology and branch lengths
constrained to those of the simulation tree used to derive the simulated data. ML scores using
the equivalent models were calculated for gcpREV, cpREV, and WAG empirical models for
comparison. The null hypothesis of no difference between the mean ML scores of the
simulation model (gcpREV) and the mean scores resulting from the estimated models,
cpREV, and WAG was rejected with a p-value (P) significant at < 0.05 (*), under a two-tailed
t-test.
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Measuring the efficacy of matched-pairs tests of
symmetry and p-value adjustments in identifying

tree-heterogeneous sequences in protein data sets

55



56



Measuring the efficacy of matched-pairs tests of symmetry and p-value adjustments in
identifying tree-heterogeneous sequences in protein data sets

Abstract

Heterogeneity in phylogenetic trees is characterised by lineage-specific evolutionary
processes that violate the assumptions of stationarity and the homogeneity of rates of change.
The matched-pairs tests of marginal and internal symmetry assess the assumptions of
stationarity and homogeneity, respectively, while the matched-pairs test of symmetry
evaluates both. Comparing sequences among taxa falls within the realm of multi-comparison
statistical tests, requiring the resulting p-values to be adjusted. In this study, the relative ability
of each matched-pairs test of symmetry, combined with p-value adjustment methods, was
assessed with respect to their accuracy in identifying lineage-specific heterogeneity using
simulated amino-acid data sets. Furthermore, tree-heterogeneous sequences were investigated
in empirical subsets and complete concatenated data sets. The analyses using the matched-
pairs test of marginal symmetry and the Benjamini-Hochberg method had the highest
statistical power in relation to the identification of composition-heterogeneous sequences.
Although the analyses using the Benjamini-Hochberg method had more false positives than
other methods, this rate decreased in the analyses using this method combined with the
marginal symmetry test and longer alignments. Identifying rate-heterogeneous sequences was
overall difficult. Nevertheless, matched-pairs test of symmetry exhibited slightly lower
statistical power compared to the test of internal symmetry. However, in the analyses of
composition- and rate-heterogeneous sequences, the former test had a higher power, due to its
ability to also detect compositional tree-heterogeneity, albeit lower than that of the marginal
symmetry test. The effect on tree inference of empirical data sets was evaluated after filtering
out the tree-heterogeneous sequences. Some of the subsequent inference analyses produced
topological rearrangements when compared to the original trees, mainly using the matched-
pairs test of marginal symmetry combined with the Benjamini-Hochberg method. Such new
rearrangements included the resolving the Setaphyta, bryophytes, and Archaeplastida as
monophyletic. It could be argued that these clades represent the current best phylogenetic
hypotheses for these taxa and therefore evidence that removing heterogeneous sequences can

improve the accuracy of phylogenetic analyses.
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3.1 Introduction

Simply including as much data as possible in phylogenetic analyses is often
insufficient to address many highly-debated evolutionary questions, precisely because these
are the relationships that have proven difficult to resolve consistently regardless of the amount
of data applied to the question. Often a lack of robustness in tree reconstruction or the source
of incongruence between analyses resides in methodological issues such as model
misspecification, misassigned data, or stochastic error. Increasingly, the emphasis in
phylogenetics is to better understand the evolutionary processes affecting change across sites
and among lineages so as to employ better-fitting and more realistic substitution models that
decrease the degree of model misspecification. To this end, site-heterogeneous models
(Lartillot and Philippe, 2004) and tree-heterogeneous models (Boussau and Gouy, 2006;
Foster et al., 2009; Williams et al., 2020) enable the accommodation of variable site and tree
evolutionary processes, respectively. However, while usually better-fitting, these models are
highly parametrised and often result in significant computational costs when applied to large
data sets.

As an alternative to modelling increasingly heterogeneous data, data complexity can
be mitigated by excluding the ‘disruptive’ data (be they taxa or sites) that do not fit the model
intended to be used. Such an approach is especially true given the advent of next-generation
sequencing where the amount of data available for analysis is often not a limitation. This
abundance of molecular phylogenetic data allows for the application of filtering criteria to
discard certain data while ensuring that sufficient information remains to infer well-resolved
trees (methodologies reviewed in Fleming et al., 2023). In principle, this strategy should
reduce the non-historical signal, resulting in tree inferences that are less susceptible to bias
from artefacts. Taxon sequences are often referred to as ‘rogue’ taxa when they are
characterised by instability of their position in the inferred topology due to ambiguous or
insufficient information (Wilkinson 1996). Bootstrap methods have been used to identify
these rogue taxa (Aberer et al., 2011, 2013). By contrast, ‘problematic’ sequences (Fleming et
al., 2020, 2023) are robustly placed in the tree, but have a distorting effect, moving other
sequences towards or away from them. The so-called “canary sequence” methodology
searches for these sequences through a multi-staged process with a priori target sequences
(Fleming et al., 2020). Another well-known source of incongruence is referred to as “long
branch attraction” (LBA) where long-branches are artefactually joined in the tree. Typically,

the effects of LBA can be reduced by improving taxon sampling (by ‘breaking' long branches
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through the addition of closely related taxa) or by excluding fast-evolving sites from the data
set. Several methodologies have also been developed to identify taxa affected by LBA (e.g.
Soria-Carrasco et al., 2007; Struck, 2014; Mai and Mirarab, 2018).

Most tree inference methods assume that the molecular sequences have evolved under
stationary, reversible, and homogeneous conditions, that is, that they evolved under the same
Markovian process (Bryant et al., 2005; Jermiin et al., 2017). Stationarity implies that the
marginal site frequencies are the same over time, while reversibility means that the rate of
change from one state to another is the same in either direction, and homogeneity indicates
that instantaneous substitution rates are constant over time. Although these assumptions are
usually unrealistic, they are convenient because of their mathematical clarity and
computational tractability. A single Markov model is often used for the entire data set, thereby
avoiding the need to estimate larger numbers of parameters and ignoring the direction of the
evolutionary process. However, when these assumptions are rejected by the data, phylogenetic
analyses are more prone to inferring an incorrect tree (Foster and Hickey, 1999; Foster, 2004;
Ho and Jermiin 2004; Jermiin et al., 2004; Cox et al., 2008; Foster et al., 2009; Williams et
al., 2021). For example, the analyses of one-quarter of the partitions of 35 published data sets
indicated the rejection of one or more model assumptions (Naser-Khdour et al., 2019). Trees
inferred from these partitions showed different topologies compared to those inferred from
partitions where the assumptions were valid. These studies highlight the importance of not
neglecting violations of the model’s assumptions.

Several methods for testing for the presence of among-lineage, or tree, heterogeneity
in nucleotide and amino-acid data sets have been developed. The normalised relative
composition frequency variability (nRCFV; Fleming & Struck, 2023), derived from the RCV
(Phillips and Penny, 2003) and RCFV (Kick and Struck, 2014), is the average variability in
compositions across sequences, where a higher nRCFV is more indicative of compositional
heterogeneity than a small nRCFV. As a model-free method, it can be calculated very quickly.
However, it does not indicate how strongly the model assumptions are violated, and if one
wishes to define a threshold (between heterogeneous and homogeneous sequences), additional
criteria are required. In contrast, the chi-squared (¥2) based significance tests enable the
identification of tree-heterogeneous data and to determine its magnitude. The chi-squared test
for compositional homogeneity is commonly used to assess the (compositional) model fit to
the data (if the model has a poor fit to the data, the implication is that the data evolved under
compositional heterogeneous conditions). However, this test ignores the tree-based correlation

of compositions among taxa, and thus the chi-square result tends to suffer of Type Il error
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when computed from the y2 curve (Foster, 2004). To ameliorate this effect, Foster (2004)
developed a chi-square test using simulations (under a tree and model) to generate a valid null
distribution for the statistic.

Statistical analyses to test the assumption of composition- and/or rate-homogeneity
have also been developed using pair-wise comparisons of nucleotide or amino-acid
sequences. Stuart’s matched-pairs test of marginal symmetry (MPTMS; Stuart, 1955)
measures the magnitude of compositional heterogeneity in the data, whereas Ababneh’s
matched-pairs test of internal symmetry (MPTIS; Ababneh et al., 2006) assess the validity of
the rate-homogeneity assumption. Bowker’s matched-pairs test of symmetry (MPTS; Bowker,
1948) assesses both of these sources of heterogeneity simultaneously. In each test, a
divergence matrix of the aligned amino-acid sequences (containing the number of times each
combination of amino-acid sites occur) is computed and p-distances are then calculated using
a x2 test with different degrees of freedom. MPTS computes the distance between the
divergence matrix and its transpose, testing the stationarity and homogeneity of the aligned
sequences, i.e., the composition-homogeneity and rate-homogeneity of the data. The MPTMS
assesses site equality by computing the difference between sequence frequencies and its
variance-covariance matrix. When the variance-covariance matrix is not invertible, MPTMS
is not applicable. In the MPTIS, the test statistic results from the difference between the
MPTS and MPTMS statistic. Jermiin and collaborators have developed tools, such as Homo,
that uses the MPTS combined with the Bonferroni-Holm method for p-value correction to
assess the heterogeneity among lineages of a specific data partition (Jermiin et al., 2017,
2019). A user can then choose to remove the most tree-heterogeneous sequences of that data
partition. A different implementation of the matched-pairs tests of symmetry consist of
assigning a data partition as tree-homogeneous or -heterogeneous according to the most
divergent taxon pair in the data based on each one of the three matched-pairs tests (Naser-
Khdour et al., 2019). The analysed data partition if assigned as tree-heterogeneous can then be
excluded from subsequent inference analyses.

Multiple simultaneous comparison tests, such as the matched-pairs tests of symmetry,
can suffer from family-wise error rate (FWER). This error is described as the probability of
incorrectly rejecting the symmetry assumption at least once (i.e. Type | error or false positive;
Benjamini and Hochberg, 1995). The Bonferroni method is often used to counteract the
FWER by implementing a more stringent p-value threshold or adjusting the derived p-values.
However, this method is very conservative, loses power with increased numbers of tests, and

does not account for Type Il error (false negatives). The Holm-Bonferroni method (hereafter
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called 'Holm') is a modification of the Bonferroni method that uses a stepwise algorithm for
simultaneous inference and is more powerful than the Bonferroni (Holm, 1979). The
procedures to account for the false discovery rate (FDR) control the rate of false discoveries
among the null hypotheses that are rejected, allowing for a more flexible and less conservative
approach compared to the former methods. The FDR controlling methods have a higher
statistic power compared to methods that control the FWER, accounting for Type Il error, but
at the cost of more false positives. Such methods include, for instance, the Benjamini-
Hochberg procedure (Benjamini and Hochberg, 1995) and Benjamini-Yekutieli procedure
(Benjamini and Yekutieli, 2001). The former assumes the tests to be independent or positively
dependent, while the Benjamini-Yekutieli method is more conservative and better suited to
handle certain types of dependencies.

Although assessing tree-heterogeneity is not a standard procedure in phylogenetics,
several authors have emphasised the need to assess model assumptions and adjust the
phylogenetic methodology accordingly (e.g., Foster, 2004; Morgan et al., 2013; Jermiin et al.,
2020). However, the extent of tree-heterogeneity across molecular sequence data is still
unclear. In a recent simulation study, maximum likelihood inference was shown to be
sufficiently robust to handle a wide range of model assumption violations, being only
inaccurate in an extreme scenario of convergent evolution (Naser-Khdour et al., 2021).
Nevertheless, even if it is assumed that the impact of tree-heterogeneity in tree inference is
highly specific, ignoring it merely due to a matter of convenience makes little sense when
there are several quick and easy-to-use methods available to counteract it.

The efficacy of matched-pairs tests used in phylogenetics, especially with regard to
identifying lineage-specific heterogeneity, has received only limited discussion. In this study,
we use simulated amino-acid sequence data to compare the three matched-pairs tests of
symmetry and p-value adjustment methods (Bonferroni, Bonferroni-Holm, Benjamini-
Hochberg, and Benjamini-Yekutieli) and assess their relative ability to correctly identify tree-
heterogeneous sequences. The methods were also assessed on published data sets: 1) a
mitochondrial data set (Liu et al., 2014) addressing the relationships among bryophytes; 2) a
nuclear data set (Strassert et al., 2021) assembled for the study of eukaryotic ‘supergroups’;
and 3) a nuclear data set (Whelan et al., 2015) addressing the placement of the root node of
the animal lineage. The monophyly of bryophytes (liverworts, mosses, and hornworts) and
their relationship with vascular plants (lycopods, ferns, and seed plants) has been widely
debated. The prevailing hypothesis supports the monophyly of this group, placing liverworts

and mosses together (Setaphyta), and sister to the hornworts (Puttick et al., 2018; Sousa et al.,
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2019, 2020). However, analyses of mitochondrial data do not support the same relationships:
a result that has been suggested to be due to the influence of compositional heterogeneity (Liu
et al., 2014; Sousa et al., 2019). The second nuclear-derived data set addresses deep
evolutionary issues among the eukaryotic supergroups (Archaeplastida, Cryptista, Haptista,
SAR, Telonemia, Excavata, Amoebozoa, and Obazoa). With the availability of more data, the
monophyly of Archaeplastida has come under reassessment, with different models and data
sets showing incongruent trees. (e.g., Burki et al., 2016; Brown et al., 2018; Strassert et al.,
2019). In analyses where Archaeplastida are monophyletic, Viridiplantae and Glaucophyta are
placed together, and form the sister clade to red algae (e.g., Katz & Grant, 2015; Lax et at.,
2018; Strassert et al., 2021). This data set was therefore chosen because deep evolutionary
divergences are prone to exhibiting lineage-specific heterogeneity. Similarly, the third data set
addresses a contentious evolutionary relationship at the base of the Metazoa tree, where either
Porifera or Ctenophora are resolved as the sister-group of all other extant animals. The
placement of root node of the Metazoa has been intensively debated (e.g., Pisani et al., 2015;
Feuda et al., 2017; Simion et al., 2017; Redmond and McLysaght, 2021), and different data
filtering and model strategies have been used. Several causes have been indicated for the
incongruence between analyses, including the suggestion of their being due to lineage-
specific evolutionary processes.
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3.2 Methods
Data simulation and the identification of lineage-specific heterogeneity

Amino-acid sequence alignments were simulated in P4 (vers. 1.3; Foster, 2004)
allowing for combinations of homogeneous and heterogeneous instantaneous rates and
composition frequencies over the tree. The substitution rates were assumed to be uniform
across sites. The simulation tree comprised 30 taxa, where each leaf branch was 0.4
substitutions per site long, and internal branches 0.3 substitutions per site (comprising five
clades, each with six leaf branches and four internal branches). The simulation process
consisted of generating a random root sequence and evolving it over the simulation tree under
the process specified by the ‘default’ simulation model, while the lineage-specific
heterogeneity parameters (i.e., composition-heterogeneous and/or rate-heterogeneous
sequences) were constrained to models different from the 'default’ model. The use of
empirical substitution exchange rate models for the simulation of tree-heterogeneous
sequences, rather than random values, ensures more realistic substitution parameters and
greater applicability of the results. The nuclear-derived WAG model (Whelan and Goldman,
2001) was used as the ‘default’ simulation model to seed the homogeneous substitution rates.
Tree-heterogeneous sequences were derived from the nuclear-derived JTT (Jones et al., 1992)
and the mitochondria-derived stmtREV (Liu et al., 2014) models. These models were selected
according to their position in the protein space and plotted via ordination using Principal
Component Analysis (PCA,; Fig. 3.1). The sequences derived from the JTT were expected to
simulate an evolutionary process more similar to the default model, as suggested by their
position in the PCA, and thereby harder to distinguish from WAG. By contrast, the sStmtREV
derived sequences were expected to be more easily detected as they were moved divergent

from the default model.
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Figure 3.1 - Substitution exchange rate models used in this study. Principal component
analyses of the exchange rates (A) and composition frequencies (B) of the WAG, JTT, cpREYV,
and stmtREV models.

To simulate the data, two of the five 6-taxon clades were randomly chosen, and the
JTT model (rates and/or compositions) was assigned to one of them, while the stmREV model
was assigned to the other. The rest of the tree maintained its default WAG rates and
composition frequencies. Alignments were generated with 2000, 5000, and 8000 sites, with
100 replicates for each length. The procedure followed four strategies (Table 3.1), wherein the
sequence alignments were: composition-homogeneous and rate-homogeneous, composition-
heterogeneous and rate-homogeneous, composition-homogeneous and rate-heterogeneous,

and composition-heterogeneous and rate-heterogeneous.
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Table 3.1 - Substitution model parameters used for simulating tree-heterogeneous and
tree-homogeneous alignments. The WAG model was used to seed tree-homogeneous
substitution rates, while the JTT, stmtREV, and cpREV models were used to seed tree-
heterogeneous substitution rates (instantaneous rates, composition frequencies, or both).

Substitution model parameters
Sequences simulation Composition frequencies Instantaneous rates
Composition-heterogeneous and
WAG, JTT, sStmtREV WAG, JTT, stmtREV
rate-heterogeneous
Composition-homogeneous and
WAG WAG, JTT, stmtREV
rate-heterogeneous
Composition-heterogeneous and
WAG, JTT, cpREV WAG
rate-hnomogeneous
Composition-homogeneous and
WAG WAG
rate-homogeneous

The objective of the simulation analyses was to compare the relative accuracy of the
matched-pairs tests of symmetry combined with different p-value correction methods to detect
lineage specific heterogeneous sequences, and not their absolute ability to identify tree-
heterogeneous sequences and the relation with the tree inference result. Therefore, the effect
of among-site rate variation, incomplete sequences (missing data), branch lengths, and other
evolutionary aspects were not considered. Moreover, because the composition-heterogeneous
sequences derived from the stmtREV are easily identified due to their notable divergence
from the parameters of the WAG model, the stmtREV was replaced by the cpREV model
(Adachi et al., 2000) in simulations involving composition-heterogeneous and rate-
homogeneous data.

The MPTS, MPTMS, and MPTIS tests were used (as implemented in P4) to detect
sequences unlikely to have evolved under the same Markovian process (i.e., their having
evolved under tree-heterogeneous processes). The simulated alignments were assessed using
the three matched-pairs tests combined with four p-value adjustment procedures, namely
Bonferroni, Holm, Benjamini-Hochberg, and Benjamini-Yekutieli. These methods were used
as implemented in the Python library Statsmodels (vers. 0.12.2; with an alpha of 5% and
default parameters). For each analysis, the number of times that the null hypothesis was

correctly rejected, wrongly rejected (Type I error), wrongly not-rejected (Type Il error), and
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correctly not-rejected (Table 3.2) were recorded. These frequencies were then used to
calculate the FDR, false negative rate (FNR), and statistical power (1-FNR).

Table 3.2 - Hypothesis testing for assessment of the stationarity and homogeneity
assumptions.

Null Hypothesis (stationarity and/or homogeneity)
Significance
Stationary and/or homogeneous | Non-stationary and/or non-homogeneous
data data
Fail to .
reject Correctly not-rejected Type 1l error
Reject Type | error Correctly rejected

Identification of tree-heterogeneous sequences in three published data sets

Three empirical published data sets were selected and assessed using the matched-
pairs tests of symmetry with adjusted p-values. The Liu et al., (2014) data set was chosen as it
was previously shown to be compositionally heterogeneous. The Strassert et al., (2022) and
the Whelan et al., (2015) analyses addressed controversial deep evolutionary nodes, namely,
with regard to the monophyly of the Archaeplastida, and the placement of the root node of
animals, respectively. For convenience, each data set is referred to by the name of the first
author of its study, that is, Liu, Strassert, and Whelan. The Liu data set comprises 41 proteins
and 60 taxa, the Strassert data set comprises 320 proteins and 136 taxa, and the Whelan data
set includes 209 proteins and 76 taxa (data matrix 12 in the original study). Tree-
heterogeneity was assessed using the three matched-pairs tests combined with the Bonferroni,
Holm, Benjamini-Hochberg, and Benjamini-Yekutieli methods. These analyses were
performed for each single protein alignment, the concatenated data set of single alignments,
and on data partitions derived from optimal partition schemes. The latter partitioning schemes
were determined using two methods: 1) merging protein alignments according to substitution
model-fit optimisation using the ModelFinder tool (Kalyaanamoorthy et al., 2017), as
implemented in IQ-TREE 2 (vers. 2.2.2.7; Minh et al., 2020); and 2) clustering of individual
genes based on their composition frequencies using the K-means algorithm from the Python
Sklearn library (version 0.23.2), with the number of clusters being determined according to
the Elbow method (Ketchen et al., 1996). The ModelFinder analyses were conducted using a

data-specific substitution model estimated from the combined data set (described below) and
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using an among-site rate variation parameter constrained to a gamma-distribution discretised
in four categories (I's). In the analysis of each data partition (individual genes, constructed
data partitions, and entire concatenated data sets), taxon sequences were identified as tree-
heterogeneous sequences when lineage-specific evolutionary processes were detected,
according to each symmetry test and p-value adjustment procedure. Subsequently, the rejected
null hypothesis pairwise comparisons were sorted from the lowest p-value, and the taxon
within the top pair with the highest number of rejected comparisons was discarded (as well as
all p-values associated it, and therefore the remaining pairwise comparisons including it were
no longer considered). This process continued until no more rejected pairwise comparisons
remained. In situations where two taxa in the same pairwise comparison had identical counts
of rejected comparisons, the taxon with a lower overall sum of p-values was removed. If
indistinguishable, both taxa were discarded.

Optimal ML trees were inferred from the filtered data sets and from the
original data sets without filtering of heterogeneous sequences. In detail, each single-protein
alignment was filtered and combined into a single concatenated data set. From this data set,
the optimal ML tree was inferred using a data-specific model. This procedure was repeated
for each combination of matched-pairs test and p-value correction method. The optimal
partition scheme analyses follow a similar procedure, but with each calculated partition being
filtering instead of the single-protein partitions. Each data set was then analysed with a data-
specific model estimated from the concatenated data but combined with a branch-linked
model (Chernomor et al., 2016). Combined data sets were also analysed without filtering sub
data partitions; rather, sequences were filtered from the entire combined dataset and optimal
ML trees inferred. All analyses were conducted in IQ-TREE (vers. 1.6.12; Nguyen et al.,
2015) and included data-specific amino-acid substitution models, I'4 parameter, and optimised
composition frequencies (Fest). The data-specific models were estimated using a general time-
reversible GTR+I'4 model in IQ-TREE. Branch support values were derived from 10000
ultrafast bootstrap (UFBOQOT) replicates (Hoang et al., 2017). The optimal ML trees were
visually inspected and compared to the trees resulting from the unfiltered data sets using a
normalised Robinson-Foulds (nRF) distance metrics (RF/RFmax, where RFmax is obtained
by 2*(number of taxa-3); Kupczok et al., 2008). The data products (protein alignments,
calculated substitution models, and trees), novel scripts used to make calculations and a
machine actionable RO-Crate metadata specification are available from GitHub:
https://github.com/joaobrazao/Applying-data-specific-substitution-models-and-mitigating-

the-effects-of-among-lineage-heterogeneity.git
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3.3 Results

The matched-pairs tests of symmetry coupled with p-value adjustment procedures
were compared among themselves regarding their ability to identify lineage-specific rate- or
composition-heterogeneous sequences, i.e., correctly reject or accept the null hypothesis of
stationarity and/or rate-homogeneity of individual sequences. The analysis of the simulated
composition-heterogeneous and rate-homogeneous data demonstrated that the null hypothesis
was rejected significantly more often in the MPTMS analyses than in those using the MPTS,
regardless of the alignment length and p-value adjustment procedures. The statistical power of
the MPTMS (0.3-0.9) was significantly higher compared to that of MPTS (<0.1-0.7), when
using the same alignment length and p-value adjustment procedure (Fig. 3.2; Appendix Tables
Al and A2). As expected, the statistical power increased with longer alignments, whether the
MPTS or the MPTMS were used. The FDR calculated from MPTMS analyses (<0.1-0.2)
decreased as the alignment length increased in most cases (except in the Bonferroni based
methods analyses using the 8000-site alignments). Similarly, the FDR metric computed from
the MPTS results (<0.1-0.2) had the same behaviour, except in those derived from the MPTS
analyses combined with the Benjamini-Hochberg method, and with the Benjamini-Yekutieli
method using the 8000-site alignments. Although the FDR of the MPTS analyses of the
shortest alignments had a range of values similar to those of the MPTMS results (<0.1-0.2),
the former analyses failed to reject most null hypotheses that should have been rejected (Type
Il error; yielding a statistical power close to zero). As the sequence alignment lengths
increased, the FDR calculated from the MPTS results either decreased or remained
statistically similar (with the exception of the Benjamini-Hochberg results, which showed a
significant increase). Apart from the analyses using the shortest alignments, where the
statistical power associated with MPTS results was nearly zero, the FDR values were either
significantly higher or statistically indistinguishable compared to those calculated from the

MPTMS results in most cases.
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Figure 3.2 - Statistical power and false discovery rate (FDR) of the matched-pairs tests
of symmetry (MPTS) and marginal symmetry (MPTMS) in the identification of
composition-heterogeneous sequences. The tests were computed using 2000, 5000, and
8000-site alignments (100 replicates each) and combined with the p-value adjustment
methods, namely, Benjamini-Hochberg, Benjamini-Yekutieli, and Bonferroni. Because the
results from the Holm method were almost identical to those of the Bonferroni method, it was
not included to enhance plot visualisation.

The statistical power of p-value adjustment procedures increased with longer
alignments. For the Benjamini-Hochberg method, the power was significantly higher
compared to that obtained from analyses using other methods when evaluated under the same
matched-pairs test and sequence alignment length. The highest power observed (0.9) was
achieved when the Benjamini-Hochberg method was combined with MPTMS using 8000-site
alignments. While the FDR calculated from the analyses using the Benjamini-Hochberg
method generally exceeded those derived from the analyses using other methods, it decreased
as the alignment length increased when coupled to the MPTMS. However, when combined
with the MPTS, it increased as the alignment length increased. The statistical power of the
analyses using Bonferroni and Holm methods was the lowest and statistically similar in each
analysis (compared under the same matched-pairs test and alignment length) and had fewer
Type | errors. The FDR calculated from the analyses using the 8000-site alignments were
lower than those calculated from the 2000-site alignment analyses. The analyses conducted
using the Benjamini-Yekutieli method generally yielded intermediate values in terms of
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statistical power. These values fell between those obtained with the Benjamini-Hochberg and
Bonferroni methods. The FDR decreased with longer alignments or remained statistically
indistinguishable between the analyses conducted using the alignments of 5000 and 8000
sites. The analyses of the composition-heterogeneous and rate-homogeneous data also
demonstrated that the further in value the composition frequencies (derived from the JTT and
cpREV models) used in simulating lineage-specific composition-heterogeneous sequences
were from the simulation model (WAG), the greater the number of composition-
heterogeneous sequences were detected (Appendix Tables Al and A2). Indeed, the statistical
power regarding only the cpREV-derived sequences was close, or equal, to one in most
analyses (except in 2000-site alignment analyses), while in the analyses of the JTT-derived
sequences, the statistical power was less than 0.1 in more than half of the analyses. The FDR
values calculated regarding the JTT-derived sequences (0.2-1) were also significantly higher
than those calculated from the cpREV derived results (<0.1-0.3). Overall, these results
indicated that the composition-heterogeneous (and rate-homogeneous) sequences derived
from the cpREV model were detected with significantly greater frequency compared to those
derived from the JTT model.

MPTS and MPTIS analyses of the composition-homogeneous and rate-heterogeneous
alignments failed to reject most rate-heterogeneous sequences when computed from the
shortest alignments, regardless of which test was used (Fig. 3.3; Appendix Tables A3 and A4).
The rejection of the null hypothesis increased significantly with longer alignments where the
sequences derived from the stmtREV model were more often rejected than the JTT-derived
sequences. These observations are in agreement with the above results where the analyses of
the JTT-derived sequences showed a lower number of identified sequences, a lower statistical
power (close to zero), and a higher FDR (0-0.7). The MPTIS analyses had a higher statistical
power (<0.1-0.5) compared to the MPTS analyses (<0.1-0.4). However, these differences
were statistically significant only in the 8000-site alignment analyses (and in the 5000-site
alignment analyses using the Benjamini-Yekutieli method). The FDR values were statistically
similar when compared between the MPTS and MPTIS results (<0.1-0.2). Excluding the
shortest alignment results (where the calculated values were zero), the FDR values derived
from the longest alignment analyses (<0.1-0.2) were lower than those derived from the 5000
sites long analyses (0.1-0.2). However, the results using the Benjamini-Hochberg method
contrasted with the latter where the FDR value increased (from <0.1 to 0.1) irrespective of the
test used. The analyses using the Benjamini-Hochberg method had always the highest

statistical power (<0.1-0.5) and the lowest FDR (0.1), except for the 8000-site alignment
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analyses. In these cases, regardless of the matched-pairs test, the Benjamini-Yekutieli method
displayed the lowest FDR (<0.1), but it also had the lowest statistical power (0.1). The
Bonferroni and Holm methods were statistically similar in each analysis regarding the FDR
(0.1-0.2) and the statistical power (<0.1-0.2).
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Figure 3.3 - Statistical power and false discovery rate (FDR) of the matched-pairs tests
of symmetry (MPTS) and internal symmetry (MPTIS) in the identification of rate-
heterogeneous sequences. The tests were computed using 2000, 5000, and 8000-site
sequence alignments (100 replicates each) and combined with the p-value adjustment
methods, namely, Benjamini-Hochberg, Benjamini-Yekutieli, and Bonferroni. Because the
results from the Holm method were almost identical to those of the Bonferroni method, it was
not included to enhance plot visualisation.

In matched-pairs analyses of composition-heterogeneous and rate-heterogeneous data,
the highest statistical power was observed using the MPTMS, which also increased with
longer alignments (0.5-1; Fig. 3.4). MPTS analyses (0.5-0.8) had the second highest statistical
power, followed by the MPTIS analyses (0.1-0.5). The MPTS and MPTMS analyses detected
all heterogeneous sequences derived from the stmtREV model (Appendix Tables A5 and A6),
thereby having a maximum statistical power regarding these sequences (1) and accompanied
by a low FDR (0-0.3). The JTT-derived sequences were detected significantly less often than
the stmtREV-derived sequences regardless of the method or alignment length used (statistical
power of 0-0.9 and FDR of 0.2-1). The MPTIS did not reject any sequence from the 2000-site

alignments and failed to reject most tree-heterogeneous sequences in the 5000-site
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alignments. With respect to the FDR, the MPTS results (0-0.2) were either statistically
significantly lower or similar to those from MPTMS analyses (<0.1-0.2), except when
combined with the Benjamini-Hochberg method using the 5000- and 8000-site alignments
where they were significantly higher (0.2). The FDR values derived from MPTIS analyses
using the 5000-site alignments were the highest (0.2-0.3; except those derived from the
Benjamini-Hochberg analyses). However, these results were only supported by a few
observations (statistical power <0.1). By contrast, the analyses using the 8000-site alignments
combined with Benjamini methods exhibited the lowest FDR (<0.1-0.1) when compared with
the MPTS (<0.1-0.2) and MPTMS (<0.1-0.1) using the 8000-site alignments. Nevertheless,
the statistical power derived from the latter MPTIS analyses were always lower than those
from other tests. Overall, the Benjamini-Hochberg method analyses had the highest statistical
power, followed by the Benjamini-Yekutieli. The FDR values derived from Benjamini-
Hochberg analyses were also the highest, but decreased with longer alignments when
combined with MPTMS, while those calculated from the Bonferroni and Holm analyses were

statistically similar and the lowest in most cases.

Figure 3.4 - Statistical power and false discovery rate (FDR) of the matched-pairs tests
of symmetry (MPTS), marginal symmetry (MPTMS), and internal symmetry (MPTIS)
in the identification of composition- and rate-heterogeneous sequences. The tests were
computed using 2000, 5000, and 8000-site alignments (100 replicates each) and combined
with the p-value adjustment methods, namely, Benjamini-Hochberg, Benjamini-Yekutieli, and
Bonferroni. Because the results from the Holm method were almost identical to those of the
Bonferroni method, it was not included to enhance plot visualisation.
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The analyses of the composition- and rate-homogeneous data demonstrated that most
of the sequences were correctly classified as tree-homogeneous. Across all methodologies
either none or an insignificant fraction (< 0.3%) of sequences were wrongly identified as tree-
heterogeneous sequences.

Case study 1-Bryophytes (Liu et al., 2014)

MPTMS analyses of the sequences of individual proteins of the Liu data set identified
more tree-heterogeneous sequences (4-10%) than the MPTS (1-5%), regardless of the p-value
adjustment procedure (Table 3.3). After excluding lineage-specific composition-
heterogeneous sequences identified using the MPTS test, the reconstructed optimal ML trees
exhibited lower nRF distances (4-11%; computed against the tree inferred from the original
data set without filtering of heterogeneous sequences; Appendix Figs. A1-A5) compared to
the trees inferred from data set derived after filtering sequences using the MPTMS (9-19%;
Appendix Figs. A6-A9). These comparisons were made using the same p-value adjustment
procedures. With respect to the p-value adjustment procedures only, the Benjamini-Hochberg
method analyses detected more tree-heterogeneous sequences (5-10%, when combined with
MPTS and MPTMS respectively) than the Benjamini-Yekutieli (1-8%) and Bonferroni based
methods (1-4%) analyses. Trees inferred from the data sets filtered using the Bonferroni and
Holm methods (when combined with the same matched-pairs test of symmetry) had the same
topology and had the lowest nRF (7-9%). Trees inferred from the data sets derived after
filtering according to the Benjamini-Yekutieli and Benjamini-Hochberg methods had a nRF of
7-11% and 11-19%, respectively. The MPTIS analyses only detected one lineage-specific
rate-heterogeneous sequence irrespective of the p-value correction method used. The tree
derived after filtering this sequence had a congruent topology as the tree inferred from the
original data set. In most trees bryophytes were recovered as a grade. Nevertheless, the
optimal ML tree (Appendix Fig. A9) inferred from the data set filtered using the MPTMS
combined with the Benjamini-Hochberg method recovered Setaphyta (UFBOOT = 58%) and
bryophytes as a paraphyletic group with lycopods sister to hornworts (UFBOOT = 65%). In
the same analyses, monocots were nested in eudicots, rather than as sister-groups. The
monocot taxa, the Cycas taitungensi (sister-taxon of angiosperms), and the lycopod Isoetes
engelmannii had the highest amount of tree-heterogeneous sequences removed. Therefore, the
nested position of lycopods and monocots may be due to a lack of phylogenetic signal in the

remaining taxa.
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Table 3.3 - Tree-heterogeneous sequences identified in the Liu et al., (2014) data set and
the inferred topological rearrangements after their exclusion. The heterogeneous
sequences were identified according to the matched-pairs tests of symmetry (MPTS),
marginal symmetry (MPTMS), and internal symmetry (MPTIS) combined with four p-value
adjustment procedures. These sequences were excluded from each data partition analysed, be
a single-protein, merged proteins, or the entire concatenated data set. The inferred topologies
were then compared with the original data set derived tree using the normalized Robinson-
Foulds (nRF). When the number of taxa was different, the latter metrics was not calculated.

Tree-
; Matched-pairs P-value adjustment heterogeneous
Data filtered tost - procedure sequgences nRF (%)
(%)
Bonferroni 0.8 7.0
Holm 0.8 7.0
MPTS Benjamini-Yekutieli 1.1 7.0
Benjamini-Hochberg 5.1 10.53
Bonferroni 3.6 8.8
Individual Holm 3.7 8.8
proteins MPTMS Benjamini-Yekutieli 7.6 10.5
Benjamini-Hochberg 10.2 19.3
Bonferroni <0.1 0
Holm <0.1 0
MPTIS Benjamini-Yekutieli <0.1 0
Benjamini-Hochberg <0.1 0
Bonferroni 4.2 8.8
Holm 4.3 8.8
MPTS Benjamini-Yekutieli 6.5 12.3
Benjamini-Hochberg 13.2 12.3
Bonferroni 11.4 -
K-means Holm 11.6 -
ggﬂ}’t?gns MPTMS Benjamini-Yekutieli 158 i
Benjamini-Hochberg 18.9
Bonferroni 0.2 0
Holm 0.2 0
MPTIS Benjamini-Yekutieli 0.2 7.0
Benjamini-Hochberg 0.1 0
Bonferroni 16.5 14.0
Holm 16.9 14.0
MPTS Benjamini-Yekutieli 22.3 22.8
Benjamini-Hochberg 34.5 19.3
Ia/lo_delclj:inder Bogfelrronl ;32 '
erive olm : -
partitions MPTMS Benjamini-Yekutieli 33.1 -
Benjamini-Hochberg 39.8 -
Bonferroni 0.2 0
MPTIS Holm 0.2 0
Benjamini-Yekutieli 0.2 0
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Benjamini-Hochberg 0.2 0

Bonferroni 66.7 -

Holm 68.3 -

MPTS Benjamini-Yekutieli 76.7 -

Benjamini-Hochberg 81.7 -

Bonferroni 75.0 -

Concatenated Holm 76.7 -
data set MPTMS Benjamini-Yekutieli 78.3 -
Benjamini-Hochberg 85.0 -

Bonferroni 5.0 -

Holm 5.0 -

MPTIS Benjamini-Yekutieli 23.3 -
Benjamini-Hochberg 58.3 -

The optimal data partitioning schemes comprised 19 partitions according to the K-
means algorithm and nine partitions derived from the search using the ModelFinder tool. The
MPTMS analyses of the K-means-partitioned data identified 11-19% tree-heterogeneous
sequences, while the MPTS analyses identified 4-13% (Table 3.3). The same procedures
applied to the ModelFinder derived partitions identified 7-35% and 27-40% heterogeneous
sequences according to the MPTMS and MPTS respectively. These results showed that
despite the lower number of partitions in the ModelFinder scheme analyses, the percentage of
tree-heterogeneous sequences was higher than in the K-means scheme analyses. This
difference is likely due to the longer partitions length derived from ModelFinder, which
enhance the statistical power, as demonstrated with the simulated data analyses. The optimal
ML trees inferred from the data sets filtered according to the MPTS had a nRF of 9-12%
(using the K-means derived partitions; Appendix Figs. A10, All, A12, and A13) and 14-23%
(using the ModelFinder derived partitions; Appendix Figs. Al4, A15, A16, and Al7). The
nRF was not computed for the trees inferred from the data sets derived after filtering
composition-heterogeneous sequences using the MPTMS because they had fewer taxa than
the original tree (Appendix Figs. Al18-A25). With respect to the p-value adjustment
procedures, the Benjamini-Hochberg method identified more tree-heterogeneous sequences
than other methods, namely 13-19% (K-means derived partitions) and 35-40% (ModelFinder
derived partitions). By contrast, the Bonferroni based methods identified the least (4-17%).
The trees inferred from the latter data sets had a nRF of 9-14%, while the trees derived after
filtering sequences using the Benjamini methods had a nRF of 12-23%. Overall, these results
agreed with the above analyses, where the data sets and optimal trees derived after filtering

heterogeneous sequences according to the MPTMS and Benjamini procedures identified more
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tree-heterogeneous sequences and exhibited higher nRF distances than those derived from the
analyses using the MPTS combined with Bonferroni methods. Data sets derived after filtering
sequences using the MPTIS and the trees reconstructed using all four correction methods were
identical to the original data set and optimal tree, regardless of the partition scheme (except
the tree inferred from the K-means derived data set filtered using the Benjamini-Yekutieli;
nRF of 7%; Fig. A26). Analyses using the ModelFinder derived partitioning scheme
recovered the bryophytes as a monophyletic group. This result was observed in trees
reconstructed from the data sets derived after filtering heterogeneous sequences using the
MPTMS coupled with the Bonferroni, Holm, and Benjamini-Hochberg methods (Appendix
Figs. A22, A23, and A24). However, mosses were recovered sister to hornworts rather than to
liverworts (i.e. contradicting the Setaphyta clade). Additionally, the tree inferred from the data
set derived after filtering heterogeneous sequences using the MPTS coupled with the
Benjamini-Yekutieli method recovered the Setaphyta and bryophytes as a paraphyletic group
with lycopods sister to hornworts (Fig. A20). In none of these optimal trees were these
relationships well-supported (UFBOOT support >95%). The trees inferred using the K-
means-derived partitioning scheme did not recover the bryophytes as monophyletic or the
Setaphyta clade.

When the Liu data set was treated as a single partition and filtered of heterogeneous
sequences using MPTS and MPTMS methods (regardless of correction method), as well as
the MPTIS coupled with Benjamini-Hochberg method, the taxa required to address the
monophyly of Bryophyta were removed. The trees reconstructed from the data sets derived
after filtering sequences using the MPTIS combined with Bonferroni and Holm methods were
overall congruent with the original tree without sequence filtering (only three taxa were
assigned as non-homogeneous; Appendix Figs. A27 and A28). The tree inferred from the data
set derived after filtering sequences using the MPTIS combined with the Benjamini-Yekutieli
method recovered the bryophytes as a paraphyletic group (the lycopod Huperzia squarrosa
was nested within) and the Setaphyta clade (Appendix Fig. A29).

Case study 2-Archaeplastida (Strassert et al., 2021)

Analyses of individual proteins from the Strassert data set indicated less than 1% of
36,857 sequences as tree-heterogeneous sequences. MPTMS coupled with the Benjamini-
Hochberg method identified 0.7% of sequences as composition-heterogeneous (Table 3.4).
The MPTMS coupled with the remaining p-value correction methods indicated 0.2-0.3%

heterogeneous sequences, while MPTS and MPTIS identified less than 0.1%, irrespective of
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the p-value adjustment method. When the resulting topologies differed from the tree inferred
from the original data set (Appendix Figs. A30-A35), the nRF varied between 2% and 5%,
mainly due to the placement of Telonemia and Haptisa. In the original tree, Telonemia was
recovered sister to the SAR supergroup (TSAR; Strassert et al., 2019), with Haptista resolved
as their sister-group. However, in some inferred trees, Telonemia was nested in Haptista, with
this clade sister to the Archaeplastida, though weakly support. These results suggest that
Telonemia and Haptista are difficult to place robustly because of very poor phylogenetic
signal and/or other causes, but unlikely due to lineage-specific evolutionary processes. The
Cryptista was nested in Archaeplastida (the same as the original tree), regardless of the
methods used. Trees reconstructed from the data sets derived after filtering sequences using
the MPTIS had no topological rearrangements due to only a few sequences being filtered
(<0.1%).

Table 3.4 - Tree-heterogeneous sequences identified in the Strassert et al., (2021) data set
set and the inferred topological rearrangements after their exclusion. The heterogeneous
sequences were identified according to the matched-pairs tests of symmetry (MPTS),
marginal symmetry (MPTMS), and internal symmetry (MPTIS) combined with four p-value
adjustment procedures. These sequences were excluded from each data partition analysed, be
a single-protein, merged proteins, or the entire concatenated data set. The inferred topologies
were then compared with the original data set derived tree using the normalized Robinson-
Foulds (nRF). When the number of taxa was different, the latter metrics was not calculated.

Tree-
Data filtered Matcfgggt-pairs P-valsjlgoged'ldsrgment he;cga%ge%ré%gus NRF (%)
(%)

Bonferroni <0.1 3.0
Holm <0.1 0.0
MPTS Benjamini-Yekutieli <0.1 0.0
Benjamini-Hochberg <0.1 3.0
Bonferroni 0.2 4.5
Individual Holm 0.2 15
proteins MPTMS Benjamini-Yekutieli 0.3 15
Benjamini-Hochberg 0.7 15
Bonferroni <0.1 0.0
Holm <0.1 0.0
MPTIS Benjamini-Yekutieli <0.1 0.0
Benjamini-Hochberg <0.1 0.0
Bonferroni 0.5 2.3
MPTS Benjam|i_|noi|-r\r(]ekutieli 83 ig
K-means L. : :
derived Benjamini-Hochberg 1.8 7.3
partitions Bonferroni 3.1 2.3
MPTMS Holm 3.2 15
Benjamini-Yekutieli 5.6 6.0
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Benjamini-Hochberg 10.4 7.5
Bonferroni <0.1 0.0
Holm <0.1 0.0
MPTIS Benjamini-Yekutieli <0.1 0.0
Benjamini-Hochberg <0.1 0.0
Bonferroni 1.3 15
Holm 1.3 15
MPTS Benjamini-Yekutieli 1.9 1.5
Benjamini-Hochberg 4.5 2.3
Bonferroni 7.1 3.0
ModelFinder Holm 7.2 3.0
SSH}{?gnS MPTMS Benjamini-Yekutieli 13.5 6.0
Benjamini-Hochberg 24.8 8.3
Bonferroni 0.0 -
Holm 0.0 -
MPTIS Benjamini-Yekutieli 0.0 -
Benjamini-Hochberg 0.0 -
Bonferroni 88.2 -
Holm 89.7 -
MPTS Benjamini-Yekutieli 94.1 -
Benjamini-Hochberg 95.6 -
Bonferroni 95.6 -
Concatenated Holm 95.6 -
data set MPTMS Benjamini-Yekutieli 97.8 -
Benjamini-Hochberg 97.8 -
Bonferroni 2.2 -
Holm 2.2 -
MPTIS Benjamini-Yekutieli 0.0 -
Benjamini-Hochberg 5.1 -

The optimal data partitioning schemes had 84 and 41 partitions when computed using
the K-means algorithm and the ModelFinder tool, respectively. Analyses of the partitions
derived from the K-means partitioning scheme identified 7-25% tree-heterogeneous
sequences using the MPTMS, and 1-4% using the MPTS (Table 3.4). Analyses using the
ModelFinder partitioning scheme identified 3-10% (MPTMS) and 1-2% (MPTS). The MPTIS
analyses only indicated one rate-heterogeneous sequence, regardless of the p-value adjustment
procedure, and this was observed solely in the K-means based analyses. Similar to the above
analyses, the Benjamini method analyses identified more tree-heterogeneous sequences than
analyses using the Bonferroni method. The resulting optimal ML trees, except those inferred
from the data sets filtered using the MPTIS, had topological rearrangements (Appendix Figs.
A36-A51). The optimal ML trees inferred from the data sets derived after filtering sequences
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according to the MPTMS coupled with the Benjamini-Hochberg method had the highest nRF
(8%), whether using the K-means or the ModelFinder partitioning scheme. The same
procedure, but using the Benjamini-Yekutieli method, produced trees with a nRF of 6%. The
tree resulting from the data set derived after filtering sequences according to the MPTS
combined with Benjamini-Hochberg method had a nRF of 7%. The nRF of the remaining
trees varied between 2% and 3%. Trees inferred after sequence filtering based on MPTMS
analyses combined with the Benjamini methods and using the K-means partitioning scheme
resolved Archaeplastida as monophyletic. This arrangement placed red algae (UFBOOT = 63-
71%) sister to a well-supported clade comprising Viridiplantae and Glaucophyta (Appendix
Figs. A42 and A43). The Cryptista was recovered sister to the Archaeplastida (UFBOOT >=
95%). This relationship differed from the original tree in which Cryptista was recovered
nested in Archaeplastida as the closest relative of the clade Glaucophyta and Viridiplantae.
The ModelFinder scheme analyses recovered Cryptista nested in Archaeplastida in all
reconstructed trees irrespective of the filtering method. Additionally, the Telonemia clade
consistently appeared as the sister-group of the SAR supergroup. By contrast, the Haptista
clade moved around the tree, sometimes being closely related to the Cryptista and
Archaeplastida clade, and at other times to the TSAR supergroup, though always poorly
supported.

The MTPS and MPTMS analyses conducted on the concatenated data set, as a single
partition, identified most taxa as tree-heterogeneous (88-98%). Consequently, the resulting
data sets, after filtering heterogeneous sequences, were very incomplete and inadequate to
address the relationships among the eukaryotic supergroups and the monophyly of
Archaeplastida. By contrast, the MPTIS analyses identified only 5% of sequences as rate-
heterogeneous when using the Benjamini-Hochberg method, 2% with Bonferroni-based
methods, and none when applying the Benjamini-Yekutieli method. The optimal trees inferred
from the data sets derived after filtering tree-heterogeneous sequences using the MPTIS
combined with Benjamini-Hochberg and Bonferroni methods recovered the Archaeplastida as
monophyletic (Appendix Figs. A52, A53, and A54), with the red algae sister to the remaining
Archaeplastida taxa (though poorly supported, UFBOOT = 39-46%). In the two trees, the
Haptista were the sister-group to the clade comprising Archaeplastida and Cryptista (with no

support).
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Case study 3-Metazoa (Whelan et al., 2015)

MPTS and MPTIS analyses of individual proteins in the Whelan data set identified
less than 0.1% of the total of 11,532 sequences as either rate- or composition-heterogeneous
(Table 3.5). The MPTMS analyses identified 3% lineage-specific composition-heterogeneous
sequences when combined with the Benjamini-Hochberg method, and 2% when combined
with the remaining p-value adjustment procedures. The optimal ML trees inferred from the
data sets derived after filtering the composition-heterogeneous sequences using the MPTMS
combined with the Benjamini-Hochberg and Benjamini-Yekutieli methods had a nRF of 3%
and 1%, respectively. The latter trees were overall congruent with the original tree without
filtering of heterogeneous sequences, recovering the same relationships among metazoan
groups, and having Ctenophora as the sister-group to all other extant animals (Appendix Figs.
55 and 56). The remaining inferred trees had the same topology as the original tree.

Table 3.5 - Tree-heterogeneous sequences identified in the Whelan et al., (2015) data set
set and the inferred topological rearrangements after their exclusion. The heterogeneous
sequences were identified according to the matched-pairs tests of symmetry (MPTS),
marginal symmetry (MPTMS), and internal symmetry (MPTIS) combined with four p-value
adjustment procedures. These sequences were excluded from each data partition analysed, be
a single-protein, merged proteins, or the entire concatenated data set. The inferred topologies
were then compared with the original data set derived tree using the normalized Robinson-
Foulds (nRF). When the number of taxa was different, the latter metrics was not calculated.

Tree-
; Matched-pairs P-value adjustment heterogeneous
Data filtered test | procedure sequgences NRF (%)
(%)
Bonferroni 0.1 0.0
Holm 0.1 0.0
MPTS Benjamini-Yekutieli 0.1 0.0
Benjamini-Hochberg 0.1 0.0
Bonferroni 1.5 0.0
Individual Holm 15 0.0
proteins MPTMS Benjamini-Yekutieli 1.5 14
Benjamini-Hochberg 3.3 2.7
Bonferroni 0.0 0.0
Holm 0.0 0.0
MPTIS Benjamini-Yekutieli 0.0 0.0
Benjamini-Hochberg 0.0 0.0
Bonferroni 3.9 2.7
Holm 3.9 2.7
(P;érrp\?eadns MPTS Benjamini-Yekutieli 5.4 4.1
partitions Benjamini-Hochberg 8.3 4.1
Bonferroni 13.2 16.4
MPTMS Holm 13.2 11.0

80



Benjamini-Yekutieli 17.7 16.4
Benjamini-Hochberg 25.5 6.8
Bonferroni 0.1 0.0
Holm 0.1 0.0
MPTIS Benjamini-Yekutieli 0.1 0.0
Benjamini-Hochberg 0.1 0.0
Bonferroni 2.1 2.7
Holm 2.1 2.7
MPTS Benjamini-Yekutieli 2.6 2.7
Benjamini-Hochberg 4.8 2.7
Bonferroni 10.8 2.7
ModelFinder Holm 111 2.7
SSH}{?E,’nS MPTMS Benjamini-Yekutieli 16.3 2.7
Benjamini-Hochberg 25.7 55
Bonferroni 0.0 0.0
Holm 0.0 0.0
MPTIS Benjamini-Yekutieli 0.0 0.0
Benjamini-Hochberg 0.0 0.0
Bonferroni 64.5 -
Holm 67.1 -
MPTS Benjamini-Yekutieli 75.0 -
Benjamini-Hochberg 81.6 -
Bonferroni 76.3 -
Concatenated Holm 77.6 -
data set MPTMS Benjamini-Yekutieli 86.8 -
Benjamini-Hochberg 93.4 -
Bonferroni 0.0 -
Holm 0.0 -
MPTIS Benjamini-Yekutieli 0.0 -
Benjamini-Hochberg 0.0 -

The optimal partitioning scheme calculated using the K-means algorithm had 28
partitions, while the ModelFinder scheme had 35 partitions. The MPTS analyses identified 4-
8% and 2-5% tree-heterogeneous sequences using the K-means and ModelFinder partitioning
schemes respectively (Table 3.5). The MPTMS identified 11-26% and 13-26% composition-
heterogeneous sequences using the K-means and ModelFinder partitioning schemes,
respectively. The MPTIS analysis indicated none or few sequences (0-0.1%) to have evolved
under rate-heterogeneous conditions. The optimal ML trees inferred from the K-means
derived data sets and filtered using the MPTS and MPTMS had a nRF of 3-4% and 3-16%,
respectively. The relationships across the main metazoan groups were overall congruent with

the analyses of the original data set in most cases (Appendix Figs. A57-A60). However, the
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analyses of the data sets derived after filtering heterogeneous sequences according to the
MPTMS combined with the Benjamini-Yekutieli and -Hochberg methods recovered
Ambulacraria (Strongylocentrotus purpuratus + Saccoglosuss kowalevskii) sister to Chordata
(composed of Petromyzon marinus, Danio rerio, and Homo sapiens), rather than sister to all
extant bilaterian animals (Appendix Figs. A61 and A62). The analyses conducted using the
ModelFinder scheme inferred trees with a nRF of 3-5% and agreed with the original tree
regarding the metazoan group relationships (Appendix Figs. A63-A68).

The analysis of the Whelan data set treated as a single partition and filtered of
heterogeneous sequences using the MPTS and MPTMS methods identified most sequences as
possessing lineage-specific heterogeneity (64-93%). The data set derived after filtering
heterogeneous sequences consequently had a low number of taxa, and therefore inadequate to
address the relationships among the metazoan groups. By contrast, no sequence was indicated

to have evolved under rate-heterogeneous conditions according to the MPTIS.

3.4 Discussion

Heterogeneity among lineages can introduce biases in phylogenetic inferences, if not
accounted for by the analytical model. Thus, understanding these processes in the context of
modelling the substitution process is crucial to inferring the most likely tree or at least
identifying potential sources of phylogenetic incongruence. In this study, the relative accuracy
of the matched-pairs tests of symmetry was assessed when combined with different p-value
adjustment procedures to correctly reject or not-reject the null hypothesis of stationarity and
homogeneity among lineages of individual taxon sequences.

The simulation analyses presented here included two evolutionary patterns of among-
lineage heterogeneity and three sequence alignment lengths. These variables enable the
simulation of different strength levels of heterogeneity and, to a certain extent, data ambiguity
with respect to the phylogeny-the more data, the stronger is the anticipated effected of among-
lineage heterogeneity. The results demonstrated that as alignments became longer the
statistical power of the tests increased. Moreover, the higher the divergence of the tree-
heterogeneous sequences from the ‘default’ simulation model, the greater the number of
heterogeneous sequences were correctly identified.

The MPTMS demonstrated the greatest statistical power in the analyses of the
composition-heterogeneous data. Analyses of the empirical data sets corroborated these
results, where the MPTMS identified more compositional-heterogeneous sequences than

MPTS. The increase in correctly identified tree-heterogeneous sequences by the MPTMS
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compensated for the rise in false positives (Type | error) thereby leading to a decrease in the
FDR. Indeed, the false positives remained nearly constant between using the 5000- and 8000-
site alignments, in particular in the analyses combined with Benjamini methods. These results
indicate that there is no increase of false positives associated with the use of longer
alignments. In addition, the FDR values derived from the MPTMS analyses were generally
either lower or statistically indistinguishable from the FDR values of MPTS. Furthermore, the
analyses of the empirical data sets demonstrated that the trees inferred from the data sets
filtered using the MPTMS showed more often topological rearrangements likely correct than
the tree inferred from the data sets filtered using the MPTS. Overall, these results indicated
that the trade-off between error rates and statistical power promotes the use of MPTMS rather
than MPTS for the identification of composition-heterogeneous sequences.

The analyses of rate-heterogeneous and composition-heterogeneous simulated data
demonstrated that the MPTS had greater statistical power than the MPTIS, although both
were inferior to the MPTMS. The advantage of the MPTS over the MPTIS is likely due to its
sensitivity to compositional heterogeneity, i.e., the greater power of the MPTS results from its
ability to identify compositionally heterogeneity among lineages, rather than assess the rates
heterogeneity. However, in the analyses of rate-heterogeneous and composition-homogeneous
simulated data, the MPTIS exhibited a slightly higher statistical power and a lower FDR than
the MPTS. Nevertheless, the number of rate-heterogeneous sequences identified were overall
low, including in the analyses of the empirical data. These results are consistent with previous
findings, which demonstrated a lower degree of tree-heterogeneity indicated by the
MaxSymTestint (this test uses the MPTIS to evaluate only the most divergent taxon pair)
compared to other matched-pairs tests (Naser-Khdour et al., 2019). The simulation analyses
conducted here demonstrated that although rate-heterogeneous sequences are in the
alignment, they were difficult to identify irrespective if using the MPTS or the MPTIS,
indicating a poor sensitivity of these tests. This agrees with previous analyses of simulated
data, which showed that the statistical power of the MPTIS for detecting the rejection of the
assumption of rates homogeneity among lineages (implemented as MaxSymTestint) was lower
than that of other tests (Naser-Khdour et al., 2021).

Using either the Bonferroni and Holm corrections methods produced nearly identical
results, whether tested using simulated or empirical data. Therefore, although the Holm
method is usually recommended over the Bonferroni for being more powerful (Aickin and
Gensler, 1996), no significant differences were observed between the two methods in the

analyses of these data. Overall, analyses using the Bonferroni and Holm p-value correction
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methods had the lowest statistical power and, in some analyses, also the highest FDR. By
contrast, the Benjamini-Yekutieli method had a high statistical power while maintaining low
numbers of false positives, whereas the Benjamini-Hochberg method analyses had the highest
statistical power, but also the highest number of false positives. The analyses of empirical
datasets after filtering the tree-heterogeneous sequences using the Benjamini methods,
particularly the Benjamini-Hochberg method, resulted in topological improvements likely
correct, which could be seen as indicative of the efficacy of the method. Hence, the
substantial higher statistical power coupled with topological improvements in subsequent
inference analyses of the empirical data sets with tree-heterogeneous sequences removed
indicate that the occurrences of false positives should have little impact. As a consequence,
the Benjamini-based methods, should be preferred over the Bonferroni and Holm methods, as
the latter exhibited unsurprisingly low power (e.g. Nakagawa, 2004) in addressing the
presence of tree-heterogeneous sequences.

The analyses of the Liu data set found a greater prevalence of proteins evolving under
among-lineage heterogeneity as well as a higher percentage of tree-heterogeneous sequences
compared to the Strassert and Whelan nuclear data. Analyses of mitochondrial data have
confirmed the presence of compositional heterogeneity among lineages, which was identified
as a cause of systematic bias (e.g., Song et al., 2010; Liu et al., 2014; Sousa et al., 2020).
Furthermore, the tree inferred from the Liu data set derived after filtering heterogeneous
sequences using the MPTMS coupled with Benjamini-Hochberg recovered Setaphyta
monophyletic and bryophytes as a paraphyletic group with lycopods nested within. By
contrast, the analyses of the Strassert and Whelan derived data sets using the same procedure
inferred topologies very similar to the original trees without sequence filtering. This suggest
the absence of among-lineage heterogeneity in single-protein partitions affecting the
relationships among Archaeplastida and Metazoa; or if present, the heterogeneity is not
sufficiently strong to be identified by the methods used here. Indeed, the small size of data
partitions for analysis can constrain the power of the matched-pairs tests, highlighting the
importance of carefully balancing the size and number of partitions (Jermiin et al., 2008).

The matched-pairs test analyses conducted on partitions derived from the optimal
partitioning schemes and on the single-partitioned data resulted in the identification of more
tree-heterogeneous sequences compared with the analyses of single-protein partitions. This
enhanced statistical power is due to the use of longer partitions, as demonstrated in the
analyses of the simulated data, where the power increased using increased partitions. In

addition, the multi-partition filtered data sets or the entire filtered combined data sets were
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analysed using a partition model or a tree-homogeneous model, respectively. These data
partitions are expected to not reject the model’s assumptions of stationarity and/or
homogeneity, as the tree-heterogeneous sequences are removed. As a result, the overall model
fit and the accuracy of the inferred tree were likely improved.

The K-means partitioning analyses of the Strassert and Whelan data sets recovered
Archaeplastida as monophyletic and Ambulacraria the sister-group to Chordata when
composition-heterogeneous sequences were removed, topological rearrangements identified
as likely to be correct. These results appear to support the effectiveness of the K-means
clustering approach, as the identification and removal of composition-heterogeneous
sequences led to improved topologies in subsequent inference analyses. By contrast, the
analyses of the Liu data set using the K-means partitioning approach recovered bryophytes as
a paraphyletic grade contrasting to the recovering of the Setaphyta and bryophytes as a
paraphyletic group in analyses using the single-protein alignments. The 41 mitochondrial
single-protein alignments used in the K-means clustering were substantial fewer and exhibited
greater among-lineage heterogeneity, when compared with the nuclear single-protein
alignments which were more namely 209 (Whelan data set) and 320 (Strassert data set) and
had a lower rate of tree-heterogeneous sequences. When the number of data points, that is, the
number of composition frequency vectors representing each single-protein alignment, is low,
single variations might over-bias the clustering results when compared with data sets with
higher number of data points, a putative effect of random error. Indeed, these variations may
manifest as outliers, which is usually problematic for the K-means algorithm (Jain, 2010).
Perhaps, in data sets with limited number of data points, other algorithms would be more
efficient, such as the K-medoids which is more robust to outliers (Kaufman and Rousseeuw,
1990; Arora et al., 2016).

Partition model analyses from the Liu data set using the ModelFinder derived scheme
recovered bryophytes as monophyletic, though with mosses sister to hornworts rather than
liverworts, or as a paraphyletic group with Setaphyta monophyletic and lycopods sister to
hornworts, after excluding heterogeneous sequences according to the MPTS and MPTMS
respectively. However, the same procedure did not recover a monophyletic Archaeplastida or
Ambulacraria sister to Chordata in the analyses of the Strassert and Whelan data sets. The
search for the optimal partitioning scheme using nuclear proteins might not be
computationally efficient enough due to the high number of initial data partitions, 209 and

320, making it challenging to find the optimal partitioning schemes (see Lanfear et al., 2014).
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By contrast, the Liu data set is considerably shorter, which might be easier to find the optimal
partitioning scheme.

In analyses of a data set using the matched-pairs tests, consideration should be given
to the size and number of partitioned data sets when selecting the most appropriate data.
While partitioning the data into numerous small partitions can render among-lineage
heterogeneity unidentifiable, larger partitions can compromise a reliable characterisation of
the heterogeneity if for instance loci that evolved at different conditions are analyses together.
Indeed, treating multiple proteins as a single partition combines regions that could evolve
under different constraints, identifying more sequences as heterogeneous in the analysis. The
analyses of the single-partitioned data using the MPTS and the MPTMS appears to
corroborate that, as most sequences (>75%) were assigned as tree-heterogeneous. By contrast,
the proportion of data assigned as rate-heterogeneous by the MPTIS was substantial lower
compared to the latter analyses in most cases (0-5%, except in the analyses of the
mitochondrial Liu data set using the Benjamini methods, 23-58%). Moreover, trees inferred
from the data sets with the identified tree-heterogeneous sequences removed recovered
Setaphyta monophyletic within bryophytes as a paraphyletic group, and Archaeplastida
monophyletic, suggesting that the sequences removed were correctly identified as source of
bias. Due to the consistently low statistical power of the MPTIS, perhaps only the sequences
extremely rate-heterogeneous affecting the phylogenetic inference were identified in the
analyses of the single-partitioned data. Nevertheless, excluding falsely identified tree-
heterogeneous sequences from the analysis may not impact the results, especially in the
context of current large data sets, provided that there are still sufficient data to obtain a robust
phylogeny.

The monophyly of the bryophytes and clade Setaphyta uniting the mosses and
liverworts to the exclusion of hornworts has been argued to represent the most likely
evolutionary history of these taxa (Sousa et al., 2019; 2020). These topologies were inferred
in this study after removing the composition-heterogeneous sequences from the mitochondrial
Liu data set, confirming the effect of systematic bias caused by compositional heterogeneity
among lineages in the analyses of the original data set without heterogeneous sequences
removed, which corroborates previous studies (Liu et al., 2014; Sousa et al., 2020). In
addition, the relationships among bryophytes were shown to be also affected by rate
heterogeneity among lineages, as demonstrated in the analyses using the entire combined data
set and the MPTIS. Similarly, obtaining a monophyletic Archaeplastida after the filtering

analyses conduct here indicates that failing to recovering Archaeplastida as a monophyletic
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group in the analyses of the original Strassert data set is a biased result caused by among-
lineage heterogeneity. However, the filtering of single-protein alignments, in contrast to
subset partitions and combined data set, did not lead to a monophyletic Archaeplastida in
subsequent inference analyses therefore suggesting that the among-lineage heterogeneity is
weak at single protein level in this data set. In the analyses of the Whelan data set, none of the
topological rearrangements affected the position of Porifera and Ctenophora. This suggests
that despite their placement, which comprises a contentious evolutionary relationship at the
base of metazoan, among-lineage heterogeneity appears to not affect these relationships.
Nevertheless, the phylogenetic inference of the relationship between Ambulacraria and
Chordata was suggested to be biased by composition-heterogeneous data.

Analyses of the empirical data sets demonstrated important topological
rearrangements that were congruent with current phylogenetic theory for many taxa; however,
these relationships were not well-supported in most cases. This is unsurprising, as it has been
shown that these rearrangements are difficult to infer correctly. Problems such as a low signal-
to-noise ratio, among-site heterogeneity, and models that are too simple for the complexity of
the data likely contribute for the lack of support. Furthermore, the joint effects of different
unmodelled heterogeneities, which are usually exceedingly difficult to accommodate, may be
affecting these relationships. For instance, the impact of rate-heterogeneity among lineages in
the analyses presented here was difficult to gauge due to the low sensitivity of the MPTIS and
MPTS for identifying these sequences. It is important to be cautious in assuming that the lack
of identification of rate-heterogeneous sequences represents an absence of a systematic bias in
the tree inference due to such a process. Indeed, tree-heterogeneous models have shown
improved fit to the data compared to tree-homogeneous models in the analyses of among-
lineage heterogeneous data even when MPTIS failed to detect heterogeneity (Foster 2020,

unpublished).

In this study among-lineage heterogeneity was evaluated at level of a single taxon
following their exclusion from analyses, and is conceptually similar to tree evaluation after
the pruning of rogue taxa (e.g., Aberer et al., 2013). Nevertheless, rogue sequence detection
methods are topology-based and detect taxa which tend to move around the tree (i.e., their
placement is ambiguous with several positions in the tree having similar tree scores) due to
ambiguous or insufficient phylogenetic information. While these methods aim to improve tree
inference, they do not primarily focus on investigating the causes of bias, such as among-
lineage heterogeneity. Methods such the matched-pairs tests enable assessing the

compositional heterogeneity among lineages. The matched-pairs tests implemented in 1Q-
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TREE only consider the two most divergent sequences (Naser-Khdour et al., 2019).
Therefore, if these two sequences are homogeneous with each other, the full partition is also
assigned as tree-homogeneous, resulting in a false negative when other sequences within are
tree-heterogeneous. On other the hand, assigned the most divergent taxon pair as tree-
heterogeneous does not enable understating the prevalence of among-lineage heterogeneity in
the partition under analysis, which contrasts with the multi-pairwise comparisons conducted

here (see also Jermiin et al., 2020).

3.5 Conclusions

The analyses presented here demonstrated that the MPTMS exhibits the highest
statistical power in identifying composition-heterogeneous data. The influence of rate-
homogeneous sequences was only perceptible by MPTIS in longer alignments, hence analyses
using this test on smaller data sets should be viewed with caution. Because the MPTS has a
lower statistical power than the MPTMS in identifying composition-heterogeneous sequences,
and similar or lower than the MPTIS identifying rate-heterogeneous sequences, it does not
seem logical to choose the MPTS over the MPTMS or MPTIS. The evaluation of p-value
adjustment procedures indicated that the Benjamini-Hochberg offers overall the best trade-off
between statistical power and error rates. The implementation of these methods in filtering
composition- and rate-heterogeneous sequences from empirical data sets, in particular the
MPTMS combined with the Benjamini-Hochberg, lead to notable topological shifts in
subsequent inference analyses, indicated that incorrect topologies were driven by among-

lineage heterogeneity.
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3.7 Appendix

Table Al - Hypothesis testing for compositional heterogeneity. The matched-pairs test of
symmetry (MPTS) and the matched-pairs test of marginal symmetry (MPTMS) combined
with four p-value adjustment procedures were evaluated regarding their ability to correctly
reject or accept the assumption of stationarity using simulated composition-heterogeneous and
rate-homogeneous alignments. The known composition-heterogeneous sequences were
simulated using the JTT composition frequencies. The false discovery rate (FDR) and the
statistical power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

JTT-
Data set|Matched-| P-value derived Sequences Type
. . Type | | correctly
length pairs | adjustment | sequences I FDR | Power
5 errors not-
(N=100) test procedure | correctly - errors
) rejected
rejected
Bonferroni 1 1797 599 | 0.75 | 0.00
Holm 1 1797 599 | 0.75 | 0.00
MPTS | Benjamini- 0 2 1798 600 | 1.00 | 0.00
Yekutieli
Benjamini- 0 2 1798 600 | 1.00 | 0.00
Hochberg
2000 -
Bonferroni 87 1713 592 | 092 | 0.01
Holm 87 1713 592 | 092 | 0.01
MPTMS | Benjamini- 26 59 1741 574 | 0.69 | 0.04
Yekutieli
Benjamini- | 162 | 1638 | 496 |061| 0.17
Hochberg
Bonferroni 65 1735 596 | 094 | 0.01
Holm 65 1735 596 | 094 | 0.01
MPTS | Benjamini- 5 41 1759 | 595 | 089 | 0.01
Yekutieli
Benjamini- | g4 132 | 1668 | 501 |057| 017
£000 Hochberg
Bonferroni 35 29 1771 565 | 0.45 | 0.06
Holm 43 33 1767 557 | 043 | 0.07
MPTMs | Benjamini- |, o, 86 1714 423 |0.33 | 0.30
Yekutieli
Benjamini- | 44, 174 1626 210 | 031 | 0.65
Hochberg
Bonferroni 30 1770 597 | 091 | 0.01
8000 MPTS H-oln? | 31 1769 506 | 0.89 | 0.01
Benjamini- | ., 79 1721 | 546 | 059 | 0.09
Yekutieli
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Benjamini- |, 9 231 1569 | 331 |046| 045
Hochberg

Bonferroni | 130 64 1736 | 470 | 033 | 0.22

Holm 155 63 1737 | 445 | 029 | 0.6

MPTMs | Benjamini- | 400 87 1713 214 | 018 | 0.64
Yekutieli

Benjamini- | gy 181 1619 69 | 0.25| 0.89
Hochberg

Table A2 - Hypothesis testing for compositional heterogeneity. The matched-pairs test of
symmetry (MPTS) and the matched-pairs test of marginal symmetry (MPTMS) combined
with four p-value adjustment procedures were evaluated regarding their ability to correctly
reject or accept the assumption of stationarity using simulated composition-heterogeneous and
rate-nomogeneous alignments. The known composition-heterogeneous sequences were
simulated using the cpREV composition frequencies. The false discovery rate (FDR) and the
statistical power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

CpREV-

Data Matched- P-value derived Sequences Type
set . di Type || correctly 1 EDR | P
length pairs adjustment |sequences BITOrS not- ower
5 test procedure | correctly - errors
(N=100) - rejected
rejected
Bonferroni 15 1797 585 | 0.17 | 0.03
Holm 15 1797 585 | 0.17 | 0.03
MPTS Bﬁgﬂg;‘: 7 2 1798 | 593 | 0.22 | 0.01
Benjamini- 22 2 1798 | 578 |0.08 | 0.04
2000 Hochberg
Bonferroni 327 87 1713 273 | 0.21 | 0.55
Holm 331 87 1713 269 | 0.21 | 0.55
MPTMs | Bemamini- |45 59 | 3741 | 160 | 012 073
Yekutieli
Benjamini- | ge0 | 16 | 1638 | 31 |0.22]| 095
Hochberg
Bonferroni 370 65 1735 230 | 0.15| 0.62
Holm 373 65 1735 227 | 0.15| 0.62
MPTS Benjamini-
5000 vekutieli 449 41 1759 151 | 0.08 | 0.75
Benjamini- | geg | 135 | 1668 12 | 018 | 0.98
Hochberg
MPTMS | Bonferroni 600 29 1771 0 0.05| 1.00
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Holm 600 33 1767 0 |005| 1.00
Benjamini-
Vehutiel 600 86 1714 0 |013| 1.00
Benjamini- 600 174 1626 0 |022| 1.00
Hochberg
Bonferroni 581 30 1770 19 | 005/ 0097
Holm 583 31 1769 17 | 005 | 0.97
MPTS | Benjamini- 598 79 1721 2 |o12| 1.00
Yekutieli
Benjamini- 600 231 1569 0 |028| 1.00
Hochberg
8000 :
Bonferroni 600 64 1736 0.10 | 1.00
Holm 600 63 1737 010 | 1.00
MPTMs | Benjamini- 600 87 1713 0 |013]| 1.00
Yekutieli
Benjamini- 600 181 1619 0 |023| 1.00
Hochberg

Table A3 - Hypothesis testing for rates heterogeneity. The matched-pairs test of symmetry
(MPTS) and the matched-pairs test of internal symmetry (MPTIS) combined with four p-
value adjustment procedures were evaluated regarding their ability to correctly reject or
accept the assumption of homogeneity using simulated composition-homogeneous and rate-
heterogeneous alignments. The known rate-heterogeneous sequences were simulated using
the JTT instantaneous exchange rates. The false discovery rate (FDR) and the statistical
power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

Data JTT- Sequences
set Matched- P-value derived | Type correctl Type
lenath pairs adjustment |sequences| | ot y I FDR | Power
_g test procedure | correctly |errors ) errors
(N=100) rejected rejected
Bonferroni 0 1800 1199 | 0.00 | 0.00
Holm 0 1800 1199 | 0.00 0.00
MPTS Bﬁgﬂg;‘l‘ 0 0 1800 | 1200 | 0.00 | 0.00
2000 B:Qi?}?é?é 0 0 1800 | 1199 | 0.00 | 0.00
Bonferroni 1800 1200 | 0.00 | 0.00
MPTIS Holm 1800 1200 | 0.00 | 0.00
Bﬁggg;‘l‘ 0 0 1800 | 1200 | 0.00 | 0.00
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Benjamini-

Hothberg 0 0 1800 | 1200 | 0.00 | 0.00
Bonferroni 13 15 1785 | 587 | 054 | 0.02
Holm 13 15 1785 | 587 | 054 | 0.02
MPTS | Benjamini- 2 2 1798 | 598 | 0.50 | 0.00
Yekutieli
Benjamini- 12 8 1792 | 588 | 0.40 | 0.02
£000 Hochberg
Bonferroni 15 20 1780 585 0.57 0.03
Holm 15 20 1780 | 585 | 057 | 0.03
MPTIS | Benjamini- 4 5 1795 596 | 0.56 | 0.01
Yekutieli
Benjamini- 9 8 1792 591 | 047 | 0.02
Hochberg
Bonferroni 18 39 1761 | 582 | 0.68 | 0.03
Holm 18 40 1760 | 582 | 0.69 | 0.03
MPTS | Benjamini- 10 13 | 1787 | 590 | 057 | 0.02
Yekutieli
Benjamini- 29 61 | 1739 | 571 | 0.68 | 0.05
8000 Hochberg
Bonferroni 18 38 1762 582 0.68 0.03
Holm 18 38 1762 | 582 | 0.68 | 0.03
MPTIS | Benjamini- 8 19 | 1781 | 592 | 070 | 0.01
Yekutieli
Benjamini- 36 59 1741 564 | 0.62 | 0.06
Hochberg
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Table A4 - Hypothesis testing for rates heterogeneity. The matched-pairs test of symmetry
(MPTS) and the matched-pairs test of internal symmetry (MPTIS) combined with four p-
value adjustment procedures were evaluated regarding their ability to correctly reject or
accept the assumption of homogeneity using simulated composition-homogeneous and rate-
heterogeneous alignments. The known rate-heterogeneous sequences were simulated using
the stmtREV instantaneous exchange rates. The false discovery rate (FDR) and the statistical
power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

Data StMtREV- Sequences
Matched-| P-value derived d Type
set . . Type || correctly
pairs adjustment | sequences 1 FDR | Power
length errors not-
5 test procedure | correctly - errors
(N=100) . rejected
rejected
Bonferroni 1 0 1800 1199 | 0.00 | 0.00
Holm 1 0 1800 1199 | 0.00 | 0.00
MPTs | Benjamini- 0 0 1800 | 1200 | 0.00 | 0.00
Yekutieli
Benjamini- 1 0 1800 | 1199 | 0.00 | 0.00
2000 Hochberg
Bonferroni 0 0 1800 1200 | 0.00 | 0.00
Holm 0 0 1800 1200 | 0.00 | 0.00
MPTIS | Benjamini- 0 0 1800 | 1200 | 0.00 | 0.00
Yekutieli
Benjamini- 0 0 1800 | 1200 | 0.00 | 0.00
Hochberg
Bonferroni 45 15 1785 555 | 0.25 | 0.07
Holm 45 15 1785 555 | 0.25 | 0.07
MPTs | Benjamini- 13 2 1798 587 | 0.13 | 0.02
Yekutieli
Benjamini- 01 8 1792 | 509 | 0.08 | 0.15
£000 Hochberg
Bonferroni 47 20 1780 553 | 0.30 | 0.08
Holm 47 20 1780 553 | 0.30 | 0.08
MPTIS | Benjamini- 26 5 1795 | 574 |0.16 | 0.04
Yekutieli
Benjamini- | 4q 8 1792 | 481 | 0.06 | 0.20
Hochberg
Bonferroni 178 39 1761 422 |1 0.18 | 0.30
8000 MPTS Holm 179 40 1760 421 | 0.18 | 0.30
Benjamini- 128 13 1787 472 | 0.09 | 0.21
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Yekutieli
Benjamini- 472 61 1739 128 | 0.11 | 0.79
Hochberg
Bonferroni 228 38 1762 372 |0.14 | 0.38
Holm 228 38 1762 372 | 0.14 | 0.38
MPTIS | Benjamini- 201 19 1781 399 | 0.09 | 0.34
Yekutieli
Benjamini- 514 59 1741 86 |0.10 | 0.86
Hochberg

Table A5 - Hypothesis testing for compositional heterogeneity and rates heterogeneity. The
matched-pairs tests of symmetry (MPTS), marginal symmetry (MPTMS) and internal
symmetry (MPTIS) combined with four p-value adjustment procedures were evaluated
regarding their ability to correctly reject or accept the evolutionary model assumptions using
simulated compositional- and rate-heterogeneous alignments. The known tree-heterogeneous
sequences were simulated using the JTT model. The false discovery rate (FDR) and the
statistical power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

ITT-
. n

f%z;ath M%ttafirr]gd_ adjusiment S(S(:{el::;:‘lec%s Type ieoqu:'gc'ﬁs’s Typelll epr | power

(09100 | test procedure | o rrectly | €TOTS not errors
rejected rejected

Bonferroni 0 1 1799 600 1.00 | 0.00

Holm 0 1 1799 | 600 | 1.00 | 0.00

MPTS | Benjamini- |, 20 | 1780 | 588 | 063 | 0.02

et | 83 138 | 1662 | 517 | 062 | 0.14

Bonferroni 5 1795 594 045 | 0.01

Holm 7 1793 | 594 | 054 | 001

2000 | MPTMS | ‘Bejamini- | 4 51 | 1749 | 551 | 051 | 0.08

b | 166 | 193 | 1607 | 434 | 054 | 0.8

Bonferroni 0 1800 600 0.00 | 0.00

Holm 0 1800 | 600 | 0.00 | 0.00

MPTIS | Bemjamini- | 0 1800 | 600 | 0.00 | 0.00

e | o 0 1800 | 600 | 0.00 | 0.00

Bonferroni 4 4 1796 596 | 0.50 | 0.01

5000 | MPTS | Holm 6 1794 | 595 | 055 | 0.01

Benjamini- | 61 53 | 1747 | 539 | 046 | 0.10
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Yekutiell
oberg | 240 | 210 | 1500 | 360 | 047 | 0.40
Bonferroni 45 31 1769 555 | 041 | 0.07
Holm 55 33 | 1767 | 545 | 038 | 0.09

MPTMS | Bemjamini- | 500 | o2 | 1708 | 380 | 020 | 037
ety | 408 | 178 | 1622 | 192 | 030 | 0.68
Bonferroni 12 1788 593 063 | 0.01
Holm 12 | 1788 | 594 | 067 | 0.01

MPTIS | Benjamini- |, 3 1797 | 598 | 0.60 | 0.00
immere | 2 5 1795 | 598 | 0.71 | 0.00
Bonferroni 22 18 1782 578 | 045 | 0.04
Holm 26 17 | 1783 | 574 | 040 | 0.04

MPTS | Bemjamini- | 155 | 6 | 1732 | 450 | 031 | 025
ety | 387 | 262 | 1538 | 213 | 040 | 0.65
Bonferroni 157 57 1743 443 | 0.27 | 0.26
Holm 181 | 67 | 1733 | 419 | 027 | 030

8000 | MPTMS [ Bemvamini- | 395 | g3 | 1717 | 204 | 017 | 066
ety | 540 | 181 | 1619 | 60 | 025 | 0.90
Bonferroni | 36 31 | 1769 | 564 | 046 | 0.06
Holm 35 31 | 1769 | 565 | 0.47 | 0.06

MPTIS | Benjamini- | g 11 | 1789 | 582 | 038 | 0.03
et | 38 64 | 1736 | 562 | 063 | 0.06
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Table A6 - Hypothesis testing for compositional heterogeneity and rates heterogeneity. The
matched-pairs tests of symmetry (MPTS), marginal symmetry (MPTMS) and internal
symmetry (MPTIS) combined with four p-value adjustment procedures were evaluated
regarding their ability to correctly reject or accept the evolutionary model assumptions using
simulated compositional- and rate-heterogeneous alignments. The known tree-heterogeneous
sequences were simulated using the stmtREV model. The false discovery rate (FDR) and the
statistical power were calculated from the sum of 100 statistic replicates. Type | errors refer to
sequences incorrectly rejected, while Type Il errors refer to sequences falsely not-rejected.

StmMtREV-

Data | Matched-| P-value | derived Sequences
Isee;tlgth p}%isgcs adjust(rjnent sequences Bﬁ)er; co:lrgztcitly z?grlsl FDR | Power
(N=100) PrOCEAUre | correctly ;
rejected rejected
Bonferroni 599 1 1799 1 0.00 | 1.00
Holm 599 1 1799 1 | 000 | 1.00
MPTS | Benyamini- | 600 | 20 | 1780 | 0 | 0.03 | 100
ey | 600 | 138 | 1662 0 | 019 | 1.00
Bonferroni 600 5 1795 0 0.01 | 1.00
Holm 600 7 1793 o | o001 | 1.00
2000 | MPTMS | Bepyamini- | 6oy | 51 | 1749 0 | 008 | 1.00
b | 600 | 193 | 1607 0 | 024 | 1.00
Bonferroni 1800 600 0.00 | 0.00
Holm 1800 | 600 | 0.00 | 0.00
MPTIS | Bemamini- | 0 1800 | 600 | 0.00 | 0.0
oty |0 0 1800 | 600 | 0.00 | 0.00
Bonferroni 600 4 1796 0 0.01 | 1.00
Holm 600 6 1794 o | o001 | 1.00
MPTS | Benjamini- | 650 | 53 | 1747 0 | 008 | 1.00
o berg | 600 | 210 | 1590 0 | 026 | 1.00
5000 Bonferroni 600 31 1769 0 0.05 | 1.00
Holm 600 | 33 | 1767 0 | 005 | 1.00
MPTMS | Bejamini- | 609 | 92 | 1708 0 | 013 | 1.00
e | 600 | 178 | 1622 0 | 023 | 1.00
MPTIS Bonferroni 29 12 1788 571 0.29 | 0.05
Holm 30 12 | 1788 | 570 | 029 | 005
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Benjamini-

enjamin 8 3 1797 | 592 | 0.27 | 001
oihberg | 63 5 1795 | 537 | 007 | 011

Bonferroni 600 18 1782 0.03 | 1.00

Holm 600 | 17 | 1783 003 | 1.00

MPTS [Benjamini- | 609 | 65 | 1732 0 | 010 | 1.00
ety | 600 | 262 | 1538 0 | 030 | 1.00

Bonferroni 600 57 1743 0 0.09 | 1.00

Holm 600 | 67 | 1733 0 | 010 | 1.00

8000 | MPTMS | Bepyamini- | 6oy | g3 | 1717 0 | 012 | 1.00
ey | 600 | 181 | 1619 0 | 023 | 1.00

Bonferroni | 221 | 31 | 1769 | 379 | 0.12 | 0.37

Holm 222 | 31 | 1769 | 378 | 012 | 037

MPTIS | Benjamini- | 553 | 11 | 1789 | 367 | 0.05 | 039
b | 523 | 64 | 1736 | 77 | 011 | 087
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Figure Al - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (Liu et al., 2014 data set). Phylogeny was inferred using a data-specific
substitution rate model (GTRdatatT'sa+Fest). Log likelihood, L = -165805. Support values at
nodes are maximume-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A2 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Bonferroni p-value adjustment procedure. Phylogeny was
inferred using a data-specific substitution rate model (GTRgatatT'4+Fest). LOg likelihood, L = -
160503. Support values at nodes are maximume-likelihood ultrafast bootstraps calculated from
10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A3 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Holm p-value adjustment procedure. Phylogeny was inferred
using a data-specific substitution rate model (GTRgatatTa+Fest). Log likelihood, L = -160501.
Support values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.
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Figure A4 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Benjamini-Yekutieli p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRgatatT's+Fest). Log likelihood, L
= -159945. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated

from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A5 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRgatatT's+Fest). Log likelihood, L
= -153585. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated
from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A6 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Bonferroni p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRgatatT's+Fest). Log likelihood, L
= -156476. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated
from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A7 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Holm p-value adjustment procedure. Phylogeny was
inferred using a data-specific substitution rate model (GTRgatatT'4+Fest). LOg likelihood, L = -
156276. Support values at nodes are maximume-likelihood ultrafast bootstraps calculated from

10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A8 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Yekutieli p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). L0Og
likelihood, L = -149562. Support values at nodes are maximum-likelihood ultrafast bootstraps
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calculated from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A9 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). L0Og
likelihood, L = -141360. Support values at nodes are maximum-likelihood ultrafast bootstraps
calculated from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A10 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Bonferroni p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT's+Fest). Log likelihood, L = -142691. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
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Figure A1l - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Holm p-value adjustment
procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT's+Fest). Log likelihood, L = -142938. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A12 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Benjamini-Yekutieli p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgaatT'a+Fest). Log likelihood, L = -134968. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
from nodes fully supported are omitted.
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Figure A13 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Benjamini-Hochberg p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgaatT'a+Fest). Log likelihood, L = -121719. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
from nodes fully supported are omitted.
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Figure Al14 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Bonferroni p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgaatT'a+Fest). Log likelihood, L = -125720. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
from nodes fully supported are omitted.
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Figure A15 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Holm p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -125501. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A16 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Benjamini-
Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRdatatT'sa+Fest). Log likelihood, L = -117431. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A17 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRudatatT's4+Fest). Log likelihood, L = -106612. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A18 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 19
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the K-means algorithm. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of internal symmetry coupled with the Benjamini-
Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRudatatT's4+Fest). Log likelihood, L = -128630. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A19 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Bonferroni p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -128001. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes

fully supported are omitted.
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Figure A20 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Holm p-value adjustment

procedure. Phylogeny was inferred using a data-specific substitution

rate  model

(GTRdatatT'4+Fest). Log likelihood, L = -112777. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes

fully supported are omitted.
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Figure A21 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Benjamini-Yekutieli p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgatatT a+Fest). Log likelihood, L = -95825. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A22 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Benjamini-Hochberg p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgaatla+Fest). Log likelihood, L = -108389. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
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Figure A23 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Bonferroni p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRgaatls+Fest). Log likelihood, L = -105176. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values

from nodes fully supported are omitted.
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Figure A24 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from nine

data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Holm p-value

adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model

(GTRdatatT'4+Fest). Log likelihood, L = -86206. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes

fully supported are omitted.
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Figure A25 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Benjamini-
Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT'a+Fest). Log likelihood, L = -77508. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A26 - Optimal maximume-likelihood tree comprising 60 taxa reconstructed from nine
data partitions (derived from the Liu et al., 2014 data set). Data partitions were defined using
the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of marginal symmetry coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRudatatT's4+Fest). Log likelihood, L = -163665. Support values at

nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A27 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from the entire concatenated data set according to the matched-
pairs test of internal symmetry coupled with the Bonferroni p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). Log
likelihood, L = -155803. Support values at nodes are maximum-likelihood ultrafast bootstraps
calculated from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A28 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
concatenated proteins (derived from the Liu et al., 2014 data set). Tree-heterogeneous
sequences were filtered out from the entire concatenated data set according to the matched-
pairs test of internal symmetry coupled with the Holm p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). Log
likelihood, L = -155802. Support values at nodes are maximum-likelihood ultrafast bootstraps
calculated from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A29 - Optimal maximum-likelihood tree comprising 60 taxa reconstructed from 41
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Figure A30 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (Strassert et al., 2021 data set). Phylogeny was inferred using a data-

specific substitution rate model (GTRgatatTa+Fest). Log likelihood, L = -6352127. Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000

replicates. Support values from nodes fully supported are omitted.
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Figure A31 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Bonferroni p-value adjustment procedure. Phylogeny was
inferred using a data-specific substitution rate model (GTRdatatT'a+Fest). L0g likelihood, L =
6341715. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated
from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A32 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRdatatTa+Fest). Log likelihood, L
= -6333588. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated

from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A33 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Bonferroni p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRdatatTa+Fest). Log likelihood, L
-6290391. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated

from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A34 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Yekutieli p-value adjustment procedure
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatIa+Fest). LoOg
likelihood, L = -6263637. Support values at nodes are maximume-likelihood ultrafast
bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
omitted.
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Figure A35 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatTa+Fest). Log
= -6187299. Support values at nodes are maximum-likelihood ultrafast
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Figure A36 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Bonferroni p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -6140112. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A37 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Holm p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'sa+Fest). Log likelihood, L = -6140096. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A38 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Benjamini-
Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -6013630. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A39 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -5728627. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A40 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Bonferroni p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -5574791. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A4l - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the Holm p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRdatatT4+Fest). Log likelihood, L = -5559901. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
from nodes fully supported are omitted.
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Figure A42 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Benjamini-Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-
specific substitution rate model (GTRuatatT'4+Fest). Log likelihood, L = -5025457. Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.
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Figure A43 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 84
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Benjamini-Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-
specific substitution rate model (GTRuatatT4+Fest). Log likelihood, L = -4252606. Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.
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Figure A44 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 41
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Bonferroni p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'a+Fest). Log likelihood, L = -6110648. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A45 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 41
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition
according to the matched-pairs test of symmetry coupled with the Holm p-value adjustment
procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'sa+Fest). Log likelihood, L = -6110632. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A46 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 41
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from partition
according to the matched-pairs test of symmetry coupled with the Benjamini-Yekutieli p-
value adjustment procedure. Phylogeny was inferred using a data-specific substitution rate
model (GTRdaatT's+Fest). Log likelihood, L = -6005780. Support values at nodes are
maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values
from nodes fully supported are omitted.
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Figure A47 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 41
data partitions (derived from the Strassert et al., 2021 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each protein
alignment according to the matched-pairs test of symmetry coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -5624277. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A48 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Bonferroni p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRgata+T's+Fest). Log likelihood, L
= -5424637. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated
from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A49 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Holm p-value adjustment procedure. Phylogeny was
inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). Log likelihood, L = -
5418673. Support values at nodes are maximum-likelihood ultrafast bootstraps calculated
from 10,000 replicates. Support values from nodes fully supported are omitted.
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Figure A50 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Yekutieli p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatIa+Fest). LoOg
likelihood, L = -4683674. Support values at nodes are maximume-likelihood ultrafast
bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
omitted.
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Figure A51 - Optimal maximume-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatIa+Fest). LoOg
likelihood, L

-3688287. Support values at nodes are maximum-likelihood ultrafast

bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
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Figure A52 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from the entire concatenated data set according to the matched-
pairs test of internal symmetry coupled with the Bonferroni p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatTa+Fest). LOg
likelihood, L = -6237932. Support values at nodes are maximum-likelihood ultrafast
bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
omitted.
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Figure A53 - Optimal maximum-likelihood tree comprising 136 taxa reconstructed from 320
concatenated proteins (derived from the Strassert et al., 2021 data set). Tree-heterogeneous
sequences were filtered out from the entire concatenated data set according to the matched-
pairs test of internal symmetry coupled with the Benjamini-Hochberg p-value adjustment pro-
cedure. Phylogeny was inferred using a data-specific substitution rate model (GTRda-
tatla+Fest). LOg likelihood, L = -6005116. Support values at nodes are maximum-likelihood
ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes fully sup-

ported are omitted.
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Figure A54 - Optimal maximume-likelihood tree comprising 76 taxa reconstructed from 209
concatenated proteins (Whelan et al., 2015 data set). Phylogeny was inferred using a data-
specific substitution rate model (GTRdatatT'4+Fest). Log likelihood, L = -3154365. Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.
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Figure A55 - Optimal maximume-likelihood tree comprising 76 taxa reconstructed from 209
concatenated proteins (derived from the Whelan et al., 2015 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Yekutieli p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). L0Og
likelihood, L = -3009644. Support values at nodes are maximume-likelihood ultrafast
bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
omitted.
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Figure A56 - Optimal maximume-likelihood tree comprising 76 taxa reconstructed from 209
concatenated proteins (derived from the Whelan et al., 2015 data set). Tree-heterogeneous
sequences were filtered out from each protein alignment according to the matched-pairs test
of marginal symmetry coupled with the Benjamini-Hochberg p-value adjustment procedure.
Phylogeny was inferred using a data-specific substitution rate model (GTRdatatT'4+Fest). L0Og
likelihood, L = -2872866. Support values at nodes are maximume-likelihood ultrafast
bootstraps calculated from 10,000 replicates. Support values from nodes fully supported are
omitted.
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Figure A57 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Bonferroni p-value
adjustment procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'a+Fest). Log likelihood, L = -2532046. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A58 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Benjamini-
Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT4+Fest). Log likelihood, L = -2361684. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
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Figure A59 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al.,
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of symmetry coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRaaatIa+Fest). Log likelihood, L =
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.

2015 data set). Data partitions were defined
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Figure A60 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Bonferroni p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRgatatT4+Fest). Log likelihood, L = -1878936. Support values at
nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000 replicates. Support
values from nodes fully supported are omitted.
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Figure A61 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Benjamini-Yekutieli p-value adjustment procedure. Phylogeny was inferred using a data-
specific substitution rate model (GTRdatatTa+Fest). Log likelihood, L = -1584491.Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.
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Figure A62 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 28
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the K-means algorithm. Tree-heterogeneous sequences were filtered out from each
partition according to the matched-pairs test of marginal symmetry coupled with the
Benjamini-Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-
specific substitution rate model (GTRuatatT's+Fest). Log likelihood, L = -1179076. Support
values at nodes are maximum-likelihood ultrafast bootstraps calculated from 10,000
replicates. Support values from nodes fully supported are omitted.



Mortierella verticillata
93 Rhizopus oryzae
Saccharomyces cerevisiae
Aspergillus fumigatus
Neurospora crassa

87 Allomyces macrogynus
Spizellomyces punctatus

I——Sphaeroforma arctica
71 Amoebidium parasiticum
[ | /———————Ministeria vibrans
93 Capsaspora owczarzaki

Salpingoeca pyxidium
Acanthoeca spectabilis
Monosiga ovata
Ealpingoeca rosetta

Monosiga brevicollis
{ Euplokamis dunlapae

Coeloplana astericola
Vallicula sp
Pleurobrachia atlantica
Pleurobrachia bachei
Dryodora glandiformis
Beroe abyssicola
Mnemiopsis leidyi
{Mertensiidae sp
Bolinopsis infundibulum
Sycon ciliatum
Sycon coactum
Oscarella carmela
Corticium candelabrum
Hyalonema populiferum
——Aphrocallistes vastus
Rossella fibulata
—Sympagella nux
IjChondrilla nucula
Ircinia fasciculata
Amphimedon queenslandica
Petrosia ficiformis
Spongilla alba
Ephydatia muelleri
Pseudospongosorites suberitoides
60 -Tethya wilhelma
Latrunculia apicalis
Crella elegans
Kirkpatrickia variolosa
Trichoplax adhaerens
Strongylocentrotus purpuratus
Saccoglossus kowalevskii
Petromyzon marinus
CHomo sapiens
Danio rerio
Lottia gigantea
Capitella teleta
Tubulanus polymorphus
Hemithiris psittacea
Priapulus caudatus
Lithobius forficatus
Drosophila melanogaster
Daphnia pulex
Eunicella verrucosa
Platygyra carnosa
Acropora digitifera
Nematostella vectensis
—Bolocera tuediae
Aiptasia pallida
Hormathia digitata
EAurelia aurita
Periphylla periphylla
—Hydra viridissima
EHydra vulgaris
Hydra oligactis
Physalia physalis
Abylopsis tetragona
Craseoa lathetica
Nanomia bijuga
Agalma elegans

0.3

Figure A63 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of symmetry coupled with the Bonferroni p-value adjustment
procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -2932527. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A64 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of symmetry coupled with the Benjamini-Yekutieli p-value adjustment
procedure. Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -2882923. Support values at nodes are maximum-

likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A65 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of symmetry coupled with the Benjamini-Hochberg p-value adjustment
procedure Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT's+Fest). Log likelihood, L = -2708062. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A66 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of marginal symmetry coupled with the Bonferroni p-value adjustment
procedure Phylogeny was inferred using a data-specific substitution
(GTRdatatT'4+Fest). Log likelihood, L = -2371704. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes

fully supported are omitted.
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Figure A67 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of marginal symmetry coupled with the Benjamini-Yekutieli p-value
adjustment procedure Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -2095021. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Figure A68 - Optimal maximum-likelihood tree comprising 76 taxa reconstructed from 35
data partitions (derived from the Whelan et al., 2015 data set). Data partitions were defined
using the ModelFinder. Tree-heterogeneous sequences were filtered out from each partition to
the matched-pairs test of marginal symmetry coupled with the Benjamini-Hochberg p-value
adjustment procedure Phylogeny was inferred using a data-specific substitution rate model
(GTRdatatT'4+Fest). Log likelihood, L = -1696977. Support values at nodes are maximum-
likelihood ultrafast bootstraps calculated from 10,000 replicates. Support values from nodes
fully supported are omitted.
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Identifying the closest living algal relatives of land plants using data-specific amino acid
substitution models to analyse each of the three plant genomes

Abstract
Charophyte green algae comprise six main groups and gave rise to land plants

approximately 470 Mya ago, however the precise sister-group lineage to land plants has been
difficult to determine. In this study, data from the three genomic compartments, the nucleus,
chloroplast, and mitochondria, were used to infer the evolutionary history of charophyte algae
and land plants (i.e. Streptophyta). Amino-acid sequence data were analysed using data-
specific substitution models and the influence of systematic bias was investigated. Among-
lineage heterogeneity of the substitution process was assessed for each single protein
alignment using the matched-pairs tests of symmetry and the y® test for compositional
homogeneity and phylogenies inferred using site-based and tree-based homogeneous and
heterogeneous substitution models. Data were also partitioned and analysed according to
criteria such as site-specific rates and the position of the sites in the tertiary protein structure.
Phylogenies derived from nuclear and chloroplast data recovered Zygnematophyceae as the
sister-group to land plants, while the mitochondrial analyses recovered Charophyceae as the
sister-group to land plants. Further mitochondrial data analyses using partitioned or reduced
data indicated a second phylogenetic signal favouring Zygnematophyceae as the sister-group
to land plants. The matched-pairs tests of symmetry and the ¥ test for compositional
homogeneity analyses indicated the mitochondrial data as the most compositionally tree-
heterogeneous. Exclusion of tree-heterogeneous sequences from the mitochondrial data sets
did not affect the relationship of Charophyceae to land plants but did recover the Setaphyta
clade. The same methodology applied to chloroplast data improved the support for the
bryophytes monophyly. The congruence between analyses of both nuclear and chloroplast
data strongly supporting the Zygnematophyceae as the sister-group of land plants suggests
that this relationship is most likely correctly reconstructed. However, there appears to be two
distinct phylogenetic signals in the mitochondrial data supporting either Charophyceae and
Zynematophyceae as the sister group to land plants. Analyses using tree-heterogeneous
substitution models suggest that this result is not due to systematic bias caused by poor
model-fit with respect to among-lineage variation: the cause of these differing signals, be they

biological or due to systematic error, remain unknown.
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4.1 Introduction

The phylum Streptophyta comprises the land plants and their green algal ancestors the
charophyte algae, with land plants having diverged from charophytes approximately 470 Mya
ago (Lewis and McCourt, 2004; Morris et al., 2018; Puttick et al., 2018). The identity of the
closest-living extant algal relative of land plants has, however, been vigorously debated in
recent decades (e.g., Karol et al., 2001; Turmel et al., 2007; Wodniok et al., 2011; Wickett et
al., 2014; Leebens-Mack et al., 2019). Charophytes form a paraphyletic grade with six
distinct lineages, namely, the Mesostigmatophyceae, Chlorokybophyceae,
Klebsormidiophyceae, Charophyceae, Coleochaetophyceae, and Zygnematophyceae. The
Mesostigmatophyceae and Chlorokybophyceae, plus Spirotaenia spp., diverged first, are
species-poor, and the simplest charophyte algae. Mesostigma viride Lauterborn
(Mesostigmatophyceae) is a freshwater asymmetric, biflagellate, unicell with scales, and is
the only charophyte with a motile vegetative stage. Morphological and molecular studies
place it as the earliest-diverging charophyte (Melkonian, 1989; Karol et al., 2001; Nedelcu et
al., 2006; Petersen et al., 2006; Lemieux et al., 2007; Finet et al., 2010; Liang et al., 2020).
Chlorokybus atmophyticus Geitler, and four recently described Chlorokybus species (lrisarri et
al., 2021), compose the only genus of Chlorokybophyceae. Chlorokybus inhabits wet soils
and is composed of mucilaginous packets of cells. Initial molecular phylogenetic analyses
(Karol et al., 2001; Cocquyt et al., 2010b; Finet et al., 2010, 2012), as well as the absence of a
flagellum in the vegetative stage, indicate that Chlorokybus is not a sister lineage of
Mesostigma, but diverged later. However, later phylogenetic studies have recovered the two
lineages united and sister to the remaining streptophytes (Lemieux et al., 2007; Timme et al.,
2012; de Vries et al., 2018; Leebens-Mack et al., 2019; Wang et al., 2019). Spirotaenia spp.
are unicellular algae that occur in freshwater environments and were initially placed within
Zygnematophyceae due to the lack of flagella and sexual reproduction by conjugation.
Nevertheless, phylogenetic analyses of small subunit ribosomal RNA (SSU rRNA) and rbcL
gene sequences recovered these algae outside of Zygnematophyceae (Gontcharov and
Melkonian, 2004). This was corroborated by later analyses (Wickett et al., 2014; Leebens-
Mack et al., 2019; Irisarri et al., 2021), which placed Spirotaenia minuta Thuret sister to
Chlorokybus. This lineage, together with Mesostigmatophyceae and Chlorokybophyceae form
one clade sister to the remaining charophytes, with the latter diverging as a grade. The
earliest-diverging lineage within this grade is Klebsormidiophyceae (Karol et al., 2001,
Turmel et al., 2002a; Cocquyt et al., 2010b; Finet et al., 2010; Wodniok et al., 2011; Hori et

al., 2014; Lemieux et al., 2016). Their members are terrestrial and freshwater algae and form
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unbranched filaments or sarcinoid packets. The genera Klebsormidium and Interfilum have
been placed as sister-groups, while Entransia has been recovered as the earliest-diverging
lineage or with Hormidiella (Sluiman et al., 2008). The genera Streptosarcina (recently
proposed; Mikhailyuk et al., 2018) was placed sister to Hormidiella.

The remaining three classes of charophytes, namely, Charophyceae,
Coleochaetophyceae, and Zygnematophyceae, have greater structural complexity than other
charophycean algae and display several ultrastructural and biochemical features also found in
land plants (McCourt et al., 2004). These features include two subapically inserted flagella
with a single multilayered structure in motile cells, a persistent mitotic spindle, asymmetrical
cell division, a cytokinetic phragmoplast, the presence of plasmodesmata, the presence of
unique enzymes such as Cu/Zn superoxide dismutase, and the shared duplication of the
GapA/GapB gene (Mattox and Stewart, 1984; de Jesus et al., 1989; Graham and Kaneko,
1991; Graham et al., 2000; Petersen et al., 2006; Leliaert et al., 2012). The Charophyceae is
morphologically complex macroscopic organisms with one order, Charales, and several
genera. Most species have shoots ranging from centimetres to meters in length, with apical
growth, and oogamus and clonal reproduction. Coleochaetophyceae comprises the order
Coleochaetales and the genera Coleochaete and Chaetosphaeridium. Their members are
microscopic algae, typically with branched filaments, oogamous sexual reproduction, and
asexual reproduction by the formation of zoospores.

Zygnematophyceae is highly diverse and form the most speciose algal clade (4,378
species currently in AlgaeBase; Guiry and Guiry, 2019) within the Streptophyta. These algae
are filamentous and unicellular with reproduction by conjugation, while flagellate stages,
plasmodesmata, and apical growth are absent. Zygnematophyceae include two main orders,
Zygnematales and Desmidiales, separated based on their morphology, cell wall
ornamentation, and structure (Mix, 1972; Gerrath, 2003), and supported by phylogenetic
analyses (Bhattacharya et al., 1994; McCourt et al., 2000; Gontcharov et al., 2008). The
Zygnematales was resolved as paraphyletic (McCourt et al., 2000; Gontcharov et al., 2003),
with some members (Netrium and Roya) showing greater affinity to Desmidiales than
Zygnematales, while the Desmidiales was recovered as monophyletic. The taxonomy of the
Zygnematophyceae has been controversial (e.g., reviewed in Gontcharov et al., 2008) at the
level of genus due to the wide variability of the morphological characters, and where the
apparent uniformity of morphological characters within a genus is not necessarily an
indication of monophyly. Consequently, some genera have been found to be paraphyletic,

namely Penium, or polyphyletic, such as Mesotaenium, Cylindrocystis, Netrium, Cosmarium,
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Staurastrum, and Staurodesmus, in phylogenetic analyses of SSU rRNA and rbcL genes
(McCourt et al., 2000; Gontcharov et al., 2003, 2008; Hall et al., 2008). Likewise, the
circumscription of subclasses and orders has been debated. Recently, it was proposed that the
class  Zygnematophyceae includes two  subclasses, Zygnematophycidae and
Spirogloeophycidae (Cheng et al., 2019). The latter group includes Spirogloea muscicola (De
Bary) Melkonian, the earliest-diverging taxon within Zygnematophyceae. A system of five
orders was also proposed based on phylogenetic transcriptomic analyses, namely,
Spirogloeales, Serritaeniales, Zygnematales, Spirogyrales, and Desmidiales (Hess et al.,
2022). The novel order Serritaeniales includes the Mougeotiopsis calospora Palla, which
together with M. endlicherianum form a clade diverging after Spirogloeales and sister to the
remaining Zygnematophyceae.

Several phylogenetic studies of chloroplast and nuclear sequence data have
reconstructed Zygnematophyceae as the closest extant group of algae to land plants (Turmel
et al., 2002, 2006, 2007; Palmer et al., 2004; Wodniok et al., 2011; Timme et al., 2012;
Zhong, Xi et al., 2013; Zhong, Liu et al., 2013; Civan et al., 2014; Ruhfel et al., 2014;
Wickett et al., 2014; Lemieux et al., 2016; Gitzendanner et al., 2018; Cheng et al., 2019;
Orton et al., 2020; Hess et al., 2022). Alternatively, analyses of nuclear data have recovered
Zygnematophyceae and Coleochaetophyceae united as a clade and sister to land plants
(Wodniok et al., 2011; Finet et al., 2010, 2012; Laurin-Lemay et al., 2012). In contrast, the
analyses of combined data sets comprising chloroplast, mitochondrial, and nuclear sequences
(Karol et al., 2001; Qiu et al., 2006), or mitochondrial sequences alone (Turmel et al., 2007,
2013; Orton et al., 2020) identified Charophyceae as the lineage most closely related to land
plants. However, mitochondrial analyses of gene content and gene order, and amino-acid
sequence analysis with the removal of fast-evolving sites, disfavoured Charophyceae as sister-
group of land plants (Turmel et al., 2013). Likewise, nucleotide data analyses (concatenated
loci and multispecies coalescent analyses) recovering Charophyceae sister to land plants
(Wickett et al., 2014) were poorly supported and suggested as a putative artefact of
compositional tree-heterogeneity.

An important cause of incongruence in phylogenetic studies lies in methodological
issues. These problems can be roughly split into misassigned data, random error, and model
misspecification. The first includes the misidentification of genes as orthologous or wrongly
assigned sequences due to contaminants, for instance. The random or stochastic error arises
due to the use of a limited sample size, leading to a deviation between a population parameter

and an estimate of that parameter (Swofford et al., 1996). It emerges therefore due to the
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finite nature of the data, and decrease as the data length approaches infinity. The systematic
error occurs when the population parameter deviates from the estimated value of that
population parameter due to incorrect assumptions in the inference method (Swofford et al.,
1996). Unlike random error, systematic error persists and may even amplify when the data
size increases if it is not appropriately modelled by the evolutionary model. Indeed, model
misspecification is currently likely the most debated cause of phylogenetic incongruence.
Maximum-likelihood (ML) and Bayesian inference (BI) methods require the use of explicit
models of the evolutionary process. An amino-acid substitution exchange rate model is
typically represented by a 20x20 instantaneous rate matrix and by a vector of the 20
composition frequencies (long-term substitution rate to an amino acid). In a typical
phylogenetic analysis, the former matrix remains fixed, while the composition frequencies are
optimised from the study data. The substitution exchange rate matrix is typically selected
from a set of available commonly-used empirical models. Nevertheless, given the extent of
biological and genomic diversity, it seems unreasonable to assume that the empirical models
can adequately accommodate all existing sequence data. Indeed, data-specific amino-acid
substitution models calculated from simulated and empirical data have been shown to have a
better fit to the data and to infer more accurate trees than empirical models (Chapter II;
Brazéo et al., 2023). Additionally, the availability of time-efficient software to calculate
sufficiently accurate data-specific amino-acid substitution models is no longer a limitation.
Phylogenetic analysis methods often assume a site-homogeneous model, that is, the
same substitution exchange rate matrix and composition frequencies for the entire data set.
However, some sites are highly conserved due to strong evolutionary pressures such as
functional or structural constraints, whereas other sites evolve rapidly, such as those evolved
in protein-protein interactions or those that are located on the surface of the protein (Fraser
and Hirsh, 2004; Goldman et al., 1998; Koonin et al., 2002; Bloom et al., 2006; Lynch,
2010). The partitioning of data enables different substitution models to be applied to each
partition and thereby more accurately model heterogeneous substitution processes among
sites. Partitions can be defined as those encompassing genes, codon positions, or defined by
other criteria. For example, phylogenetic analyses of sites partitioned by their relative solvent
accessibility (i.e., distinguishing sites on the surface of proteins from sites that are effectively
‘buried’ inside the protein) has shown protein structural constraints to be a source of
conflicting phylogenetic signals (Pandey and Braun, 2019). By contrast, site-heterogeneous
models do not require a priori definition of data partitions. For instance, the mixture CAT

model assumes the existence of distinct classes (profiles) of sites based on their similar
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equilibrium frequencies (Lartillot et al., 2004), thereby accommodating compositional
heterogeneity among sites.

The most widely used amino-acid substitution models, including those described
above, seek to model the evolutionary process of change among sites of the protein by
assuming that the process is stationary, reversible, and homogeneous over time. Stationarity
indicates that the marginal site frequencies are constant over time, while reversibility assumes
that the evolutionary process is undirected such that the probability of change between two
sites is equal in either direction (Bryant et al., 2004; Jayaswal et al., 2005; Ababneh et al.,
2006a). Process homogeneity implies that instantaneous substitution rates are constant over
time and therefore the same on each branch of the phylogeny. Empirical data often violate
these assumptions and the deeper the phylogeny (the older the common ancestor of the taxa in
question), the more likely lineage-specific evolutionary processes are to be present.
Systematic biases caused by failure to account for time-heterogeneous processes in data can
cause correct tree inference to fail (Foster and Hickey, 1999; Jermiin et al., 2004; Cox, 2018).
Pairwise symmetry tests, namely Bowker’s matched-pairs test of symmetry (MPTS; Bowker,
1948; Tavaré, 1986; Ababneh et al., 2006b), Stuart’s matched-pairs test of marginal symmetry
(MPTMS; Stuart, 1955) and Ababneh’s matched-pairs test of internal symmetry (MPTIS;
Ababneh et al., 2006b) assess the stationarity and homogeneity (among lineages) of the
evolutionary processes. In each test, a divergence matrix of the aligned amino-acid sequences
is computed, and p-distances are then calculated using a 2 test with different degrees of
freedom. MPTS assesses the assumption of symmetry by computing the distance between the
divergence matrix and its transpose, testing the stationarity and homogeneity of the aligned
sequences. The MPTMS is a stationary test and assesses site equality between each sequence
pair by computing the difference between two sequence frequencies and its variance-
covariance matrix. When the variance-covariance matrix is not invertible, MPTMS is not
applicable. The MPTIS assesses the homogeneity of the evolutionary processes, according to
the difference between MPTS and MPTMS. The y? test for compositional homogeneity also
detects non-stationary evolutionary processes (Foster, 2004). This test assesses if the
composition of a data partition fits an empirical homogeneous compositional model using a
null distribution derived from simulations (the test computes a contingency table of taxon
compositions against the mean compositions). Jermiin et al. (2020) propose that the
assessment of these assumptions should be included in the standard phylogenetic procedure,
and when rejected, the upstream (alignment construction) and downstream analyses (tree

inference) should be adjusted to accommodate their implications. For instance, tree-
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heterogeneity models can be used when the assumption of symmetry (assessed by MPTS) is
rejected. Non-homogeneous rate processes can be modelled by using separate substitution
models for branches (node-discrete rate heterogeneity (NDRH/NDRHZ2) model; Foster 2009),
whereas non-stationarity composition processes can be modelled using separate composition
vectors for each branch (node-discrete composition heterogeneity model (NDCH/NDCH2;
Foster 2004; Williams et al., 2020). These models have proven to be effective in phylogenetic
analyses of land plants where NDCH analyses of mitochondrial data revealed the influence of
compositional bias in the early land plant relationships and incongruence among nuclear and
chloroplast data analyses (Liu et al., 2014). Recently, mitochondrial data analyses using the
NDCH2 recovered the Setaphyta clade, as has been shown in analyses of chloroplast and
nuclear data (Sousa et al., 2020). The evolutionary process is not uniform and often
heterogeneous among land plant taxa. Consequently, the inadequate modelling of the patterns
of molecular sequence evolution (i.e., model misspecification) in the data, be it across the tree
or among sites, can be a source of systematic bias.

The use of highly parameterised models, such as NDCH2 and CAT, enables the
accommodation of compositional tree-heterogeneity in the data; however, other strategies
look to decrease data complexity by filtering out the heterogeneous data. Data partitions
where stationarity and homogeneity assumptions are rejected can be excluded from further
analyses (Naser-Khdour et al., 2019); or the tree-heterogeneous sequences can be removed, if
not relevant to the phylogenetic issue under study (Jermiin et al., 2020). Other approaches
target the so-called ‘rogue’ taxon sequences (e.g., Aberer et al., 2013). Rogue sequences are
taxa without a strong and consistent position in the phylogeny because of ambiguous or poor
phylogenetic signals (Wilkinson, 1996), and their removal improves the tree inference
accuracy (Aberer et al., 2013). Decreasing data complexity can also be accomplished using
other methods, such as site recoding strategies (e.g., Susko and Roger, 2007) or removing
“noisy” sites according to their observed variability (OV; Goremykin et al., 2010). These
methods primarily focus on addressing the ‘saturation’ of sites by the multiple substitutions,
which due to the loss or reduction of the phylogenetic signal can promote taxon sequences to
group based on convergently evolving character states. The OV statistic measures the
variability of the substitution rate of sites, allowing for the sorting of sites and subsequent
exclusion of the fastest evolving sites, which are putatively the most substitutionally
saturated.

Population biological processes can also bias the inference of the species tree, namely,

ancestral species polymorphism, introgression or horizontal gene transfer, and gene
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duplication after gene losses. Differential sorting of polymorphisms in an ancestral population
can cause the gene genealogies to differ among the species (Maddison and Knowles 2006).
The sorting of polymorphisms into different descendant lineages of an ancestor is a process
known as incomplete lineage sorting (ILS). This discordance between gene trees and species
trees can be accounted for by using a multispecies coalescent model, where the probability of
genes coalescing is modelled according to the population size (Degnan and Rosenberg, 2006,
2009). Conflicting gene trees explained by ILS are defined as hemiplasy (Avise and
Robinson, 2008). Introgression, which can sometimes be hard to distinguish from ILS, is the
transfer of genes between species followed by backcrossing, while the process of
hybridisation is defined as cross-breeding between different species (Fitch, 1970; Doyle,
1997; Galtier and Daubin, 2008). Gene duplication and gene loss can also lead to gene tree
incongruence, but here due to a methodological artefact where paralogous genes are
misidentified and analysed as if they are orthologous genes.

In this study, relationships among the Streptophyta and the origin of land plants were
investigated using nuclear and organellar data sets that were analysed using data-specific
amino-acid substitution models rather than commonly-used empirical models. Amino acids
evolve more slowly than the underlying nucleotide data and are deemed more appropriate data
to reconstruct phylogenetic relationships of organisms that are as old as land plants
(~470MYA) (Cox et al., 2014). Phylogenies were inferred under site-homogeneous, site-
heterogeneous, tree-heterogeneous, and multispecies coalescent models. The sequence data
were also split into partitions according to site-specific evolutionary rates and relative solvent
accessibility profiles. Tree-heterogeneous processes were assessed using pairwise symmetry

tests and the y? test of compositional homogeneity.

4.2 Methods
Data set assembly

The data sets assembled from nuclear, chloroplast, and mitochondrial data comprised
63 taxa and 409 proteins, 71 taxa and 84 proteins, and 64 taxa and 40 proteins, respectively
(Appendix Tables A1, A2, and A3). Each data set included 12 land plant taxa representing the
six major lineages, namely bryophytes (hornworts, liverworts, and mosses) and tracheophytes
(lycopods, ferns, and seed plants). Because the land plants are well established as a
monophyletic group and as the relationships among land plant lineages are not the focus of
this study, the number of land plants was kept low thereby decreasing the computation burden

while still sampling the main lineages within the clade. The number of included
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Zygnematophyceae taxa ranges from 37 to 44, Charophyceae from three to four, and the
Coleochaetophyceae included four members. The outgroup included from seven to eight taxa,
representing the Klebsormidiophyceae, Chlorokybophyceae, and Mesostigmatophyceae
lineages.

Nuclear charophyte and land plant sequences were selected from 410 amino-acid seed
alignments (unmasked version alignments; Leebens-Mack et al., 2019). In addition, nuclear
genome assemblies of Clorokybus atmophyticus, Klebsormidium nitens (Kutzing) Lokhorst,
Mesotaenium endlicherianum Nageli, Mesostigma viride, Spirogloea muscicola, and
transcriptome assemblies of Coleochaete orbicularis Pringsheim, Nitella mirabilis var.
mirabilis (O.Nordstedt ex J.Groves) R.D.Wood, and Spirogyra pratensis Transeau were
obtained from NCBI GenBank (Bethesda, USA). The genome sequence assemblies were
translated to six-frames as individual open reading frames using esl-translate (Easel miniapps,
HMMER vers. 3.3; Eddy, 2011) when protein data were not available. Protein coding
sequences were retrieved using HMMsearch with an E-value threshold of 1e-30. HMMsearch
(HMMER) identified target sequences by searching protein profiles against the assembled
genome or transcriptome sequences. Protein profile models were estimated from the masked
alignments of Leebens-Mack et al., (2019) using HMMbuild (HMMER). The resulting
protein sequence matches were added to the initial seed alignments and re-aligned using
Muscle (vers. 3.8.1551; Edgar, 2004), and assessed with Gblocks (vers. 0.91; Castresana,
2000; Talavera and Castresana, 2007) allowing half gap positions. Alignments were manually
inspected to remove misaligned portions or poorly aligned positions. Single-protein trees were
constructed for data curation (described below) to identify obvious rogue sequences that were
wrongly placed, such as those of contaminants or paralogues. A single protein alignment was
discarded because of the absence of charophyte taxa, and the final combined data set
comprised 63 taxa, 409 proteins, and 88,394 amino acid sites, with 31.2% of amino acids
missing (gaps) from the data set.

Initial chloroplast and mitochondrial protein alignments were assembled using
31 chloroplast and 23 mitochondrial genomes obtained from NCBI GenBank. The protein-
coding nucleotide sequences were retrieved from the organelle genomes and aligned and
translated using TranslatorX (vers. 1.1; Abascal et al., 2010) with Gblocks allowing half gap
positions. Protein profiles were generated from these alignments and used to search and
retrieve protein sequences from the transcriptomes and assemblies as described above. The
protein sequence matches were added to the initial organellar protein alignments and

processed as described above. The chloroplast data set was assembled from 84 proteins,
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comprising 17,057 sites (33.7% missing data), while the mitochondrial data set was
assembled from 40 proteins comprising 8,008 sites (36.4% missing data). The data products
(protein alignments, calculated substitution models, and trees), novel scripts and a machine
actionable  RO-Crate  metadata  specification are available from  GitHub:
https://github.com/joaobrazao/Applying-data-specific-substitution-models-and-mitigating-
the-effects-of-among-lineage-heterogeneity.qgit

The chloroplast genome of the chlorophyte Geminella terricola was included in the
chloroplast data set because it is wrongly classified as a Klebsormidiophyceae algae,
Interfilum terricola (GenBank acession: NC_025542)

Estimation of data-specific amino-acid substitution models

The best-fitting commonly-used empirical model for each combined data set was
determined using ModelFinder (Kalyaanamoorthy et al., 2017) implemented in IQ-TREE
(vers. 1.6.16; Nguyen et al., 2015). Data-specific amino-acid substitution models were
estimated from the nuclear, chloroplast, and mitochondrial data sets using ML with a general
time-reversible (GTRga) mModel and four discrete-gamma categories of among-site rate
variation (+I'4). Best-fitting empirical models were then compared with data-specific

substitution models using the Bayesian information criteria (BIC).

Site-homogeneous composition model analyses of single-protein alignments and com-
bined data sets

Single-protein alignments are often short (<1000 amino-acids) and lack sufficient
variation to estimate an accurate amino-acid substitution model. Indeed, substitution models
estimated from protein sequences of only 400 sites have been shown to be less accurate than
when estimated from longer alignments (Chapter 1I; Brazdo et al., 2023). The means of the
length of the single-protein alignments were 216, 203, and 200 sites from the nuclear,
chloroplast, and mitochondrial data. Therefore, single-protein alignments were analysed using
data-specific models estimated from the combined data sets. Optimal ML trees were inferred
from the individual proteins in IQ-TREE using the GTRyast+ I'4 and optimised composition
frequencies (+Fest). Bootstrap support (BS) for each node was calculated using 300 replicates:
nodes with bootstrap support values <70% were considered poorly supported, while nodes
with >80% BS were considered well-supported. Single-protein trees were then analysed
according to the gene concordance factor (gCF; Minh et al., 2020a) using the optimal ML
inferred from the concatenated data sets, as implemented in 1Q-TREE 2 (vers. 2.2.2.6; Minh
et al., 2020b). The gCF describes the proportion of inferred single-protein trees that contain
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the same branch as the reference tree (e.g. species tree). It measures thus the underlying
variance in support of that branch at the gene-level.

Optimal ML trees were inferred from the combined data sets using & GTRatatT'a+Fest
using 1Q-TREE, and node support was calculated using 300 BS replicates. The Bl analyses of
the combined data sets using a site-homogeneous model were conducted in MrBayes (vers.
3.2.7a; Ronquist et al., 2012) using fixed exchange rates from the GTRga*+ I's, and
composition frequencies modelled by a Dirichlet distribution. MrBayes uses Metropolis
coupling and 4 chains, three heated and one ‘cold’ chain per run. Four independent Bayesian
Markov Chain Monte Carlo (MCMC) analyses were run for two and four million generations
for the nuclear and organellar data sets respectively. Topological convergence and the number
of burnin samples were assessed according to the average standard deviation of split
frequencies and by plotting and inspecting the likelihood traces over time. The model
parameters were assessed according to the effective sample size (<100 indicates poor mixing
behaviour) and the potential scale reduction factor (~1 is recommended). The latter measures
were computed using the ‘sump’ command from MrBayes. After discarding burnin samples,
marginal likelihoods were estimated according to the Newton and Raftery (1994) method, as
implemented in P4 (vers. 1.3; Foster, 2004), and a majority rule 50% consensus tree was
computed from the samples.

Site-heterogeneous composition model analyses of the combined data sets

The nuclear, chloroplast, and mitochondrial data sets were analysed under the site-
heterogeneous composition model CAT (Lartillot et al., 2004) in Phylobayes (v.1.8mpi;
Lartillot et al., 2009) using a GTRya+ I's model. The nuclear data set was reduced to 33 taxa
and 64 proteins in order to reduce the computational burden. Taxa were selected to include
representatives across all major clades and include those taxa with the least amount of missing
data (missing data totals 11%). CAT is a Bayesian mixture model that assumes the existence
of distinct classes of sites based on amino-acid equilibrium frequencies. Four independent
MCMC chains were run in parallel for at least 10,000 generations. Convergence between
chains was assessed according to the maximum and mean difference discrepancy across all
bipartitions using the bpcomp program (Phylobayes). The convergence of the continuous
model parameters was assessed using the tracecomp program (Phylobayes). Marginal

likelihoods and majority rule consensus trees were computed as described above.
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Estimating rates of site-specific substitutions and removing the fastest-evolving sites

Site-specific evolutionary rates were inferred from the nuclear, chloroplast, and
mitochondrial combined data sets using 1Q-TREE and the model GTRemp+ ['s+Femp. Site rates
were assigned according to the among-site rate variation (ASRV) as the mean value over four
discrete-gamma categories weighted by the posterior probability of the site occurring in one
of the categories using an empirical Bayesian approach as implemented in 1Q-TREE
(Mayrose et al., 2004). Fast-evolving sites were also determined using the Observed
Variability method (OV; Goremykin et al., 2010). OV is calculated for each site as a score of
the number of pairwise character-states, where mismatches are scored as 1 and matches as O.
The mean of all comparisons for a given site is used as the site variability score. The effect on
the tree topologies of the fastest-evolving sites was assessed by incrementally discarding the
fastest sites and re-inferring the optimal ML tree. Sites were removed in segments of 10%
until a maximum of 50%. Optimal ML trees were inferred using a GTRgaa+ I's+Fest and the
node support was calculated using 300 BS replicates. The topological disagreements with the
optimal tree inferred from the complete concatenated data set were assessed using the
normalised Robinson-Foulds tree metrics (nRF; Robinson and Foulds, 1981; Kupczok et al.,
2008).

Data partitioning based on relative solvent accessibility

Sites from the nuclear, chloroplast, and mitochondrial data sets were assigned to their
category of solvent accessibility (Pandey and Braun, 2019) using the ACCpro tool from the
SCRATCH 1D suite (Cheng et al., 2005). ACCpro assigns each amino-acid residue as
‘exposed’ when the relative solvent accessibility is equal or greater than 25%, or as ‘buried’
when the relative solvent accessibility is lower than 25%. Structural classifications were
determined using weighted consensus sequences of each alignment and then extrapolated to
the whole alignment (Pandey and Braun, 2019). Therefore, two partitions comprising the
separated buried and exposed sites were assembled for each data set (nuclear, chloroplast, and
mitochondrial). The buried-sites partitions and the exposed-sites partitions were then analysed
individually using a GTRyatatTs+Fest. BS support for each node was calculated using 300
replicates. Topological disagreements with the optimal tree inferred from the complete data

set were assessed using the nRF metrics and vi inspection of each tree.

Detection of lineage-specific substitution processes
The extent of time-heterogeneous rates in each of the 409 nuclear, 84 chloroplast, and

40 mitochondrial proteins was assessed using the matched-pairs tests of symmetry, namely,
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MPTS, MPTMS, and MPTIS, as implemented in P4. These tests assess a hypothesis of
substitution process symmetry of the data, and if the assumption of symmetry is statistically
rejected, non-stationary composition and/or non-homogeneous rate processes are supported in
the data.

Because the matched-pairs tests of symmetry include multiple simultaneous
comparisons, the usual p-value threshold of 5% can lead to false positives. This process is
known as the family-wise error rate, and it is usually counteracted by implementing a more
stringent threshold than the commonly-used 5% or by adjusting the calculated p-values.
Therefore, p-values were adjusted using the false discovery rate Benjamini-Hochberg
procedure (Benjamini and Hochberg, 1995; see also Chapter 3), as implemented in the Python
package Statsmodels (vers. 0.12.2; with an alpha of 5% and default parameters). The taxon
sequences were assigned as tree-heterogeneous sequences when lineage-specific evolutionary
processes were detected, i.e., the resulting p-values of the pairwise comparisons were below
the 5% threshold. For each single-protein alignment, symmetry test, and p-value adjustment
method, the tree-heterogeneous taxa were discarded. The failed pairwise comparisons were
ranked from the lowest p-value. Then, the taxon within the lowest p-value comparison with
the highest number of failed comparisons was discarded (as well as all p-values associated
with this taxon, and therefore, the remaining pairwise comparisons, including the tree-
heterogeneous taxon, were no longer considered). This process was reiterated until no more
failed pairwise comparisons remained. If two taxa within the same failed pairwise comparison
had an equal number of total failed comparisons, both were discarded. After this elimination
procedure, the remaining taxa in the single-protein alignments were concatenated (for each of
the nuclear, chloroplast, and mitochondrial data, symmetry test, and p-value adjustment
method), and optimal ML trees were inferred using a GTRyaatI'4+Fest model with node
support calculated using 300 BS replicates.

The influence of time-heterogeneous composition, namely non-stationary rates, was
also analysed using the y? test for compositional homogeneity for each single protein, as
implemented in P4. The null distribution is derived from simulations using a specified tree
and model under ML. Each protein was tested using a data-specific exchange rate matrix
estimated from the respective combined data set (nuclear, mitochondrial, or chloroplast) and
using the corresponding single-protein ML tree. A p-value rejected at significance level
indicated that the model composition did not fit the taxon sequence and therefore that tree-
heterogeneous sequence evolved under non-stationary conditions. The p-value threshold was

defined as 5% and the calculated p-values were to the Benjamini-Hochberg correction
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methods. The identified tree-heterogeneous sequences were removed from each individual
protein alignment. Optimal ML trees were then estimated from the latter alignments

concatenated, as described before.

Tree-heterogeneous composition model analyses of combined data sets

Bayesian analyses using MCMC were computed using the NDCH2 model with each
of the nuclear, chloroplast, and mitochondrial data sets. The nuclear data set was reduced to
33 taxa and 64 proteins (11% missing data), and the chloroplast data set to 33 taxa
(maintaining all 84 proteins; 5% missing data) in order to reduce the computational burden
(the NDCH2 model is highly parameterised with a discrete 20x20 amino acid substitution
model applied to each node of the tree). The data sets were reduced according to the same
criteria described above for the nuclear site-homogeneous analysis. The NDCH2 parameter
values were constrained by a sampled Dirichlet prior on how much the composition vectors
may differ from the empirical composition. The exchange rates were fixed using the values
from the estimated GTRyata models (nuclear, chloroplast, and mitochondrial), and the among-
site rate variation modelled by I's. Four replicates were run for 3 million generations for each
data set, and the model fit to the data was assessed by posterior predictive simulations of the
2 statistic of composition homogeneity, where p-values >= 5% indicate adequate model-fit.
Convergence between MCMC chains was assessed by calculating the average standard
deviation of split frequencies from each pair of checkpoints of two runs. Marginal likelihoods

and majority rule consensus trees were computed as described above.

Multi-species coalescent species tree inference

The nuclear single-protein ML trees were used to compute a coalescent-based species
tree in ASTRAL (vers. 5.7.3; Zhang et al., 2018). Posterior probabilities for each branch were
computed as the transformation of quartets percentage in gene trees that agree or not with a
branch in the inferred species tree. Additionally, coalescent-based species trees were
computed using ML trees inferred from single-protein alignments after discarding the tree-

heterogeneous sequences, according to the MPTMS.

4.3 Results

Data-specific substitution models calculated from the concatenated protein alignments
of each genome fitted the data better than the best-fitting commonly-used models determined
using the Modelfinder (Table 4.1). The empirical substitution model LG (Le and Gascuel,
2008) was determined as the best-fitting model for the nuclear data, while the cpREV (Adachi
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et al., 2000) model was the best-fitting model for the chloroplast and mitochondrial data sets.

That the chloroplast cpREV model was found to be the best-fitting model for the

mitochondrial data is a consequence of the absence of a mitochondrion-specific empirical

model in Modelfinder. The data-specific models better-fitted the data than the empirical LG
and cpREV models by 18,512, 7,423, and 4,841 BIC score units calculated from the nuclear,

chloroplast, and mitochondrial data sets respectively (Table 4.1). The optimal ML trees

inferred using the data-specific models were 0.5-1.3 substitutions per site longer than the LG

and cpREV derived trees (7%, 12%, and 6% longer nuclear, chloroplast, and mitochondrial

trees respectively), indicating that the commonly used models underestimated the number of

substitutions, although they resulted in the same optimal ML topologies as those inferred

using data-specific models (Appendix Figs. A1-A3).

Table 4.1 - Bayesian information criterion scores of the GTRdata and best-fitting
commonly-used empirical models and lengths (substitutions per site) of the optimal
maximume-likelihood trees. The improvement over the commonly-used empirical models is
noted in parenthesis. The LG was determined as the best-fitting model for the nuclear data set
using ModelFinder, while the cpREV was similarly determined for the chloroplast and
mitochondrial data sets. The optimal maximum-likelihood trees were inferred with a discrete
gamma-distribution of among-site rate variation, discretised with 4 categories, and using
optimised composition frequencies.

Bayesian information criterion

Optimal ML tree length

GTRdata Best-fitting GTRudata el

Data set (A best-fitting empirical (A best-fitting B?S.t'ﬂttmg
- empirical model

empirical model) model model)

6877096 18.9

Nuclear (18512) 6895608 (1.3) 17.6
765973 9

Chloroplast (7423) 773397 (1.1) 7.9

: . 357662 8.5
Mitochondrial (4841) 362503 (0.5) 8.0

The topologies inferred from single protein alignments recovered the monophyly of

land plants in more than half of the optimal ML trees in the nuclear, chloroplast, and

mitochondrial data analyses (54%-65%; tree descriptions for all result trees are provided in

Nexus notation (Maddison et al., 1997) in the Supplemental Information). Bryophytes were

only resolved as monophyletic in 8% to 15% of the trees, and tracheophytes were

monophyletic in 12% to 43% of trees. Between 81% and 90% of the inferred trees resolved

Charophyceae algae as a monophyletic group, while the monophyly of Coleochaetophyceae
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was observed in 25% to 52% of the trees. Zygnematophyceae was recovered as monophyletic
in 12% to 25%. The topology placing Zygnematophyceae as sister-group to land plants was
more prevalent in the nuclear (13%) and chloroplast (26%) data analyses than the alternatives
placing Charophyceae (11%) or Coleochaetophyceae (8%). However, the proportion of
inferred single-protein trees that recovered Zygnematophyceae and land plants within the
same clade was low, with a gCF of 9% and 16% for the nuclear and chloroplast data,
respectively (Appendix Figs. Al and A2). Moreover, the mean bootstrap values computed
from the nuclear and chloroplast trees were 38 and 39%. Notably, only the nuclear protein
‘6713 and the chloroplast proteins NdhD and RPOC2 demonstrated support for a clade
comprising land plants and charophytes as sister-groups. The analysis of the nuclear protein
‘6713’ proteins recovered a clade composed of Zygnematophyceae and Coleochaetophyceae
(BS = 47%) sister-group to land plants (BS = 67%), forming a clade moderately supported
(BS = 74%). The tree resulting from the analysis of the NdhD alignment recovered a clade
composed of Zygnematophyceae and land plants (BS = 88%). Analyses of the RPOC2
recovered a clade comprising land plants and Coleochaetophyceae (BS = 77%). Bl analyses
of this alignment using site- and tree-heterogeneous models, CAT and NDCH2, recovered the
same topology as the ML analyses, though not well-supported (PP = 0.83-0.84). With respect
to the analyses of the mitochondrial proteins, the Charophyceae was recovered as sister-group
to land plants in 11 single-protein analyses, while Zygnematophyceae was only recovered in
nine. The gCF for the clade that included Charophyceae and land plants calculated from the
mitochondrial proteins was 35% (Appendix Fig. A3). However, this clade received weak
support in single-protein trees (BS = 13-68%). By contrast, the tree derived from the
mitochondrial CcmB protein recovered a clade including land plants and Zygnematophyceae
with moderate support (BS = 75%). Nevertheless, the gCF values and bootstrap supports
(mean = 47) were higher than those derived from the nuclear and chloroplast data analyses,
demonstrating that although the phylogenetic signal is weak in single-protein alignments,
likely due to stochastic error, the mitochondrial proteins showed a stronger signal than nuclear
and chloroplast data.

The BI (log marginal likelihood, LML = -3437794; Fig. 4.1) and the optimal ML tree
search (log likelihood, L = -3437734; Appendix Fig. Al) analyses of the combined nuclear
data using a site-homogeneous data-specific model (GTRyaatT's+Fest) inferred the same
topology, recovering Zygnematophyceae as the sister-group to land plants with maximum
support. The main groups, that is, land plants, Zygnematophyceae, Charophyceae, and

Coleochaetophyceae were all recovered as monophyletic (PP = 1.00; BS = 100). Land plants
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comprised both the tracheophytes and bryophytes as monophyletic groups. The tracheophytes
(PP=1.0; BS = 100%) included lycopods sister to a clade uniting the ferns and seed plants,
whereas bryophytes (PP= 1.0; BS = 92%) included Setaphyta (mosses and liverworts; PP=
1.0; BS = 100%) grouped with hornworts. Within Zygnematophyceae, S. muscicola was
recovered sister to a clade consisting of the Zygnematales and Desmidiales (PP = 0.84; BS =
100%). The order Zygnematales was recovered as a paraphyletic grade with the Desmidiales
having evolved from within their diversity. A well-supported clade (PP = 0.97; BS = 100%)
included the zynematalean genera Mesotaenium and Cylindrocystis (both recovered as
polyphyletic) Mougeotia sp. and Zygnemopsis sp. as the sister-group to the remaining
Zynematales and Desmidiales (PP = 0.85; BS = 100%). The remaining Zynematales included
three subgroups diverging in the following order: the genus Spirogyra, Netrium digitus
(Brébisson ex Ralfs) Itzigsohn & Rothe united with Nucleotaenium eifelense A.A.Gontcharov
and M.Melkonian, and Roya obtusa (Brébisson) West & G.S.West 1896 united with
Planotaenium ohtanii Gontcharov & Melkonian 2010. Their placements received strong to
maximum support using ML, but weak support from Bayesian inference (PP < 0.95) in most
nodes, except the latter clade, R. obtusa untied with P. ohtanii, which were recovered as the
closest Zygnematales algae to the monophyletic Desmidiales (PP = 1.00; BS = 100%).
Relationships within the Desmidiales was well-supported but with little relation to taxonomic
classification with, for example, the genus Cosmarium being highly polyphyletic, with taxa
being resolved in four distinct positions in the tree, and the genera Staurodesmus and Penium
being recovered as paraphyletic. The Zygnematophyceae together with land plants were
recovered as the sister-group to Coleochaetophyceae, with this combined clade being sister to
Charophyceae; all relationships were maximally supported. The Coleochaetophyceae included
Chaetosphaeridium globosum (Nordstedt) Klebahn sister to the genus Coleochaete, while

Charophyceae comprised Nitella and Chara as sister genera, again with maximum support.
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Figure 4.1 - Phylogeny comprising 64 taxa inferred from 409 concatenated nuclear
proteins. A majority-rule consensus tree of 10,000 trees was obtained from the posterior
distribution of an MCMC analysis with site-homogeneous composition and a data-specific
substitution rate matrix (GTRgatatT s+Fest). Marginal likelihood L = -3437794. Support values
at nodes are Bayesian posterior probabilities and ML bootstrap calculated from 300 replicates
using the same model. Support values from nodes fully supported are omitted. The scale bar
corresponds to 0.1 substitutions per site.
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The MCMC analysis of the reduced nuclear data set (33 taxa and 64 proteins) using
the composition site-heterogeneous CAT model recovered Zygnematophyceae sister-group to
land plants (PP = 1.0; LML = -361946; Appendix Fig. A4). All other nodes were statistically
well-supported and congruent with the site-homogeneous trees in the monophyly of the main
groups and in most relationships, except that regarding hornworts, which were recovered
sister to tracheophytes.

The optimal ML trees inferred from the nuclear data after the incremental removal of
the fast-evolving sites assigned according to the ASRV method recovered Zygnematophyceae
as sister to land plants as did the site-homogeneous analyses of the original data set
(Appendix Figs. A5-A9). The resulting trees had the same topology or very similar to that
inferred from the original data set (hnRF <= 3%). In each inference, the clade consisting of
Zygnematophyceae and land plants, received maximum support, as well as the clade formed
by tracheophytes, bryophytes, Zygnematophyceae, Charophyceae, and Coleochaetophyceae.
The branch supports improved overall; particularly notable was the increased support for the
monophyly of the bryophytes (hornworts as sister to Setaphyta) which rose from 92% in the
analysis of the entire data set to 100% BS. The analyses of the reduced data sets using the OV
criterion method also inferred Zygnematophyceae as sister-group to land plants with
maximum support. Despite the ASRV and OV method trees and the optimal tree inferred
from the original data set having a nRF distance varying between 2% and 22%, they were
overall congruent with respect to the main groups. The tree rearrangements affected only the
placement of taxa within the Desmidiales and Zygnematales (Appendix Figs. A10-Al4). In
both analyses the Desmidiales was derived from a paraphyletic Zygnematales.

The classification of sites in the nuclear proteins as being either ‘buried’ or ‘exposed’
identified 49,524 and 38,870 sites respectively. The exposed-sites partition contained fewer
constant sites (12%) than the buried-sites partition (23%). Optimal ML tree searches with
each site category modelled separately in a combined analysis recovered Zygnematophyceae
as the sister-group to land plants with maximum BS support (Appendix Figs. A15 and Al6).
Most phylogenetic relationships were congruent with the analyses of the single-partitioned
data (nRF = 2-3%), except for the placement of hornworts inferred from the exposed-sites
partition which were recovered as sister to the remaining land plants (BS = 90%; Appendix
Fig. A16).

Bl (LML = -3126678; Appendix Fig. A17) and ML (L =-382212; Appendix Fig. A2)
analyses of the chloroplast data recovered Zygnematophyceae (PP = 1.0) as sister-group to

land plants (PP = 1.0). The main groups, including Zygnematophyceae plus land plants, the
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Charophyceae and Coleochaetophyceae, received maximum support, and were overall
congruent with those inferred using nuclear data. However, the tracheophyte and bryophyte
clades were only supported by 90% and 78% BS respectively in the ML analyses. In addition,
the lycopods as sister to the remaining tracheophytes had a support of 89% BS. Within
Zygnematophyceae, S. muscicola was recovered as sister-group to the remaining members
(PP =1.00; BS = 71%). However, in contrast to nuclear data analyses, the zynematalean clade
comprising M. endlicherianum and M. braunii De Bary were resolved as diverging early from
the rest of the Zygnematales and as sister to the paraphyletic grade comprising the remaining
Zygnematales and Desmidiales (PP = 1.00; BS = 100%). With respect to Desmidiales, the
genera Staurodesmus and Staurastrum were recovered as polyphyletic (the two genera had
more than one representative in the chloroplast data set, in contrast to nuclear and
mitochondrial data). The topology inferred using ML showed some nodes poorly supported,
and disagreements with the Bayesian analyses within Zygnematophyceae, with taxa in the
Desmidiales showing the most notable differences. These results are likely due to the missing
data in these taxa which reach the 50% in the chloroplast data set (12% more missing data
than in nuclear data).

The composition site-heterogeneous analysis of the combined chloroplast data using
the CAT model (LML = -320781; Appendix Fig. Al18) also recovered Zygnematophyceae
sister to land plants and the monophyly of the main groups with maximum support. The
resulting tree was overall congruent with the site-homogeneous analyses, except for the
placement of some Zygnematales, Desmidiales, and the hornworts. Hornworts were recovered
as sister lineage to tracheophytes (PP = 1.00); the same relationship inferred from the nuclear
data using the CAT model (Appendix Fig. A4).

The optimal ML trees inferred from the chloroplast data after the incremental removal
of the fastest-evolving sites using the ASRV and OV methods did not change the placement
of the Zygnematophyceae as sister-group to land plants. Nevertheless, the support for the
clade comprising Zygnematophyceae and land plants decreased considerably after removal of
30% of the fastest-evolving sites assigned according to the ASRV criterion (Fig. 4.2A).
Similarly, the support for the monophyly of the other main groups decreased as well, although
with less severity. The trees inferred from the reduced data sets (10% to 50% removal of sites)
exhibited differences of 13%, 18%, 32%, 34%, and 62% compared to the tree derived from
the single-partitioned data set, according to the nRF metrics (Appendix Figs. A19-A23). The
analyses of the data sets reduced according to OV criterion demonstrated a decline in the

support for the clade comprising Zygnematophyceae sister to land plants, starting after the
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removal of the first 10% of sites (Fig. 4.2A). The remained support values across the inferred
trees also decreased (Appendix Figs. A24-A28). These tree rearrangements had nRF values of
32%, 35%, 46%, 66%, and 62% when trees were compared with that inferred from the entire
data set. In the two set of analyses, using the ASRV and OV criteria, differing resolutions of
taxa within the Zygnematophyceae clade comprised the majority of the tree rearrangements.
However, none of the analyses resolved a monophyletic Zygnematales. The placement of the
lycopods was also ambiguous, being recovered either sister to bryophytes or to hornworts.
Nevertheless, none of the topological conflicts were statistically well supported, regardless of
the number of fast-evolving sites that were removed. In addition, comparing the two methods,
the topological rearrangements and node support variation were more severe in the trees

derived from the data sets reduced using the OV criterion.

Figure 4.2 - Resolution and support for the clade composed of land plants and the closest
charophyte relative. Bootstrap support variation of the chloroplast data (A) and the
mitochondrial data (B) after incremental removal of the fastest-evolving sites according to the
among-site rate variation (red line) and observed variability (blue line) criteria. The sister-
group relationship of Zygnematophyceae and land plants is described by solid lines, while the
resolution of Charophyceae as the sister group to land plants is described by dashed lines.
Maximum-likelihood analyses were computed using a GTRgatatI's+Fest With 300 bootstrap
replicates.

The chloroplast buried- and exposed-sites partitions had 10,630 and 6,423 sites, with
41% and 26% of those sites assigned as constant, respectively. The optimal ML trees inferred
of each of these partitions recovered Zygnematophyceae as the sister-group to land plants (BS
>= 97%; Appendix Figs. A29 and A30), and the monophyly of the main groups well-
supported. The nRF distance to the optimal ML tree inferred from the entire data were of 24%
and 15% regarding the trees derived from the buried- and exposed-sites partitions; with the

tree rearrangements mainly affecting the placement of taxa within Zygnematophyceae. For
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instance, in the optimal tree search using the buried-sites partition the genus Spirogyra
showed a greater affinity for the earliest-diverging Zygnematales (diverging after M.
endlicherianum and sister to the remaining Zygnematales; BS = 76%; Appendix Fig. A29)
than with taxa that diverged later as observed in the analyses of the entire data set. This
placement is congruent with the optimal ML tree inferred from the data set reduced by 20%
according to the ASRV criterion (Appendix Figs. A20). Nevertheless, the inferred trees also
showed topological rearrangements in land plants. The tree inferred from the buried-sites
partition recovered ferns sister-group to a clade uniting lycopods and seed plants,
relationships those weakly supported (BS = 56%). By contrast, the exposed-sites partition
inferred a well-supported group with lycopods sister to a clade comprising ferns and seed
plants (BS = 98%; Appendix Fig. A30); the same topology as that which resulted from the
analysis of the entire data set. However, in the same analyses hornworts were sister to the
tracheophytes (BS = 94%), although the hornworts plus tracheophyte clade was weakly
supported (BS = 49%).

The phylogenetic analyses of the mitochondrial data set using a compositional site-
homogeneous model (GTRyaatIsa+Fest) recovered a clade composed of Charophyceae and
land plants (PP = 1.00; BS =94%; Fig. 4.3) using Bl (LML =-178262) and ML (L = -178179,
Appendix Fig. A3). The Charophyceae was recovered sister-group to land plants with
maximum support. The clades Charophyceae and Zygnematophyceae was well-supported,
while the Coleochaetophyceae inferred using ML received moderate support (BS = 80%).
Within land plants, bryophytes were recovered as a paraphyletic grade, with hornworts
grouped with tracheophytes (PP = 0.91; BS = 59%), and this clade grouped with mosses (PP
= 0.99; BS = 64%). The liverworts were recovered as sister-group to the remaining land plant
lineages. The tracheophytes included lycopods sister to a clade uniting with ferns and seed
plants, with all nodes well-supported. Zygnematophyceae was recovered sister-group to the
clade comprising Charophyceae and land plants, and together were recovered sister to
Coleochaetophyceae. Within the Zygnematophyceae, S. muscicola was recovered as sister to
all other Zygnematophyceae algae (PP = 1.00; BS = 94%), a position congruent with the
nuclear and chloroplast analyses. Zygnematales was recovered as a paraphyletic grade with
the Desmidiales monophyletic and emerging from within their diversity. The order
Zygnematales included the polyphyletic genera Mesotaenium and Cylindocystis, and together
with Mougeotia sp. and Zygnemopsis sp., formed a clade (PP = 0.99; BS = 58%) sister to the
remaining Zynematales and Desmidiales (PP = 0.99; BS = 78%); a topology similar to those

inferred using nuclear data. However, in contrast to the nuclear and chloroplast data analyses,
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the genus Spirogyra was nested within the former clade, namely sister to M. braunii (PP =
0.88; BS = 49%). Despite the order Desmidiales exhibiting some topological disagreements
with the nuclear data analyses, the overall relationships among the major groups were
congruent between the analyses. These specific incongruences could be due to the higher
percentage of missing data (46%) within taxa of the Desmidiales which was 8% more than in

the nuclear sequences.
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Figure 4.3 - Phylogeny inferred from 40 mitochondrial concatenated proteins,
comprising 64 taxa. A majority-rule consensus tree of 10,000 trees was obtained from the
posterior distribution of an MCMC analysis with site-homogeneous composition and an
amino-acid exchange rate matrix estimated from the data (GTRgatatTa+Fest). Marginal
likelihood L = -178262. Node supports PP = 1.0 and BS >= 85 are omitted. Nodes poorly
supported (PP < 0.95 and BS < 70%) are marked in red. The scale bar corresponds to 0.1
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The analyses of the mitochondrial data set using the composition site-heterogeneous
CAT model (LML = -152814; Appendix Fig. A31) differed from the composition site-
homogeneous model analyses in the position of M. endlicherianum, which diverged after S.
muscicola, and sister to the remaining Zygnematophyceae algae (PP = 0.71); this position M.
endlicherianum being congruent with the chloroplast data analyses. The remaining few
topological rearrangements were among taxa within the order Desmidiales.

In the analyses of the mitochondrial data using the data sets reduced according to the
ASRV criterion, Zygnematophyceae was grouped with land plants when 50% of the sites
were removed, however the resulting clade was poorly supported (BS = 32%; Appendix Fig.
A36; Fig. 4.2B). The differences computed using the nRF between the trees inferred from the
data sets reduced from 10% to 50% with the ML tree derived from the complete data was 3%,
11%, 13%, 25%, and 43%, with most tree rearrangements affecting poorly supported
relationships among taxa in the Desmidiales (Appendix Figs. A32-A36). The main groups
were well-supported in the resulting trees, except the clade Zygnematophyceae inferred from
the two shortest data sets (BS < 70%). In addition, the Setaphyta were recovered in the
analyses using the data set decreased by 20% and 30% of sites. The optimal ML trees inferred
from the reduced data sets according to the OV criterion recovered Zygnematophyceae as
most closely related to land plants when 20% and 30% of the fastest-evolving sites were
removed (BS = 58% and 62%, respectively; Appendix Figs. A38 and A39; Fig. 4.2B). The
trees inferred from the data sets reduced from 10% to 50% of sites differed from the tree
inferred from the original data set in 13%, 21%, 33%, 48%, and 66% according to the nRF
metrics (Appendix Figs. A37— A41l). The trees inferred from the two shortest data sets (40
and 50% removed sites) had most nodes poorly supported and many unexpected placements
of taxa. Nevertheless, these same analyses recovered Setaphyta, as did all trees inferred from
the data sets reduced using the OV criterion.

The mitochondrial buried- and exposed-sites partitions were 5,739 and 2,269 sites
long, with 23% and 18% of the sites assigned as constant, respectively. The optimal ML tree
inferred from buried-sites partition recovered a clade consisting of Zygnematophyceae and
land plants, albeit weakly supported (BS = 56; Appendix Fig. A42). The Zygnematophyceae
received moderate support, while the remaining main groups were well-supported. The nRF
distance of the optimal tree computed against the tree derived from the entire data set was of
16%. Besides the change in the sister group to land plants, the resulting topological
rearrangements were among taxa within the order Zygnematales and the order Desmidiales.

For example. The M. endlicherianum was recovered diverging after S. muscicola and sister to
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the remaining Zygnematophyceae algae (BS = 30%), as was similarly found by the CAT
model analysis. The optimal ML tree inferred from the exposed-sites partition recovered a
clade (BS = 96%) with Charophyceae as most closely related to the land plants (Appendix
Fig. A43). The nRF distances computed between this latter tree and the one inferred from the
original data set indicated a disagreement of 23%, mostly due to tree rearrangements among
poorly supported taxa within Zygnematales and Desmidiales. Nevertheless, the topological
differences also included the paraphyly of Coleochaetophyceae with Chaetosphaeridium
globosum diverging after the genus Coleochaete and sister to remaining ingroup taxa (BS =
90%), and a clade uniting hornworts and mosses (BS = 63%). The CAT model analyses of the
buried-sites partition inferred Zygnematophyceae as the most closely related to land plants
(PP = 1.0; LML = -97934; Appendix Fig. A44), while the exposed sites analysis recovered
Charophyceae (PP = 1.0; LML = -55930; Appendix Fig. A45). Similarly, the NDCH2
analyses recovered Zygnematophyceae and Charophyceae as most closely related to land
plants when inferred from the buried- and exposed-sites partitions respectively (Appendix

Figs. A45 and A46). In the four independent analyses of the buried sites, the resulting X2 p-
values indicated the acceptance of the model (>= 0.98). However, the clade comprising
Zygnematophyceae and land plants as sister-groups was only well-supported in two of four
runs (PP > 0.95). With respect to relationships among the bryophyte, the run with the highest
likelihood recovered the Setaphyta clade fully supported (LML = -112504; Appendix Fig.
A46) while other two runs recovered the same topology not well-supported statistically, while
a fourth run recovered it unresolved. The NDCH2 analyses of the exposed-sites partition

recovered Charophyceae as most closely related to land plants, and hornworts sister to

mosses, with all clades well-supported in the four runs (LML = -59373; X p-value = 0.55;
Appendix Fig. A47).

In the MPTS and MPTMS analyses the rate of rejection of the null hypothesis was
higher for the mitochondrial data (1.4 - 1.8% p-values rejected; Appendix Table A4) than in
the chloroplast and nuclear data, with the latter showing the lowest rate (=<0.1 % p-values
rejected). By contrast, the MPTIS assumption of rate homogeneous was only rejected in the
nuclear data (<0.1%). Overall, the results of the matched-pairs tests indicate greater
compositional tree-heterogeneity in mitochondrial data than in chloroplast and nuclear data.
The tree-heterogeneous sequences identified in the nuclear data according to the MPTS and
MPTIS were less than 0.1% of all sequences, and were identified in the same protein (Fig.

4.4; Appendix Table A4). The MPTMS analyses identified 0.8% composition-heterogeneous
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sequences among 49 protein partitions. In the analyses of the chloroplast data, the MPTS
identified 0.2% heterogeneous sequences (in two proteins), and 1.5% (in seven proteins)
heterogeneous sequences using the MPTMS. The same tests using the mitochondrial data
identified 1.7% (10 proteins) and 3% (13 proteins) heterogeneous sequences, respectively.
Analyses conducted after the removal of the tree-heterogeneous sequences inferred the same
relationship between charophytes and land plants as the analyses of the initial combined data
sets, regardless of the symmetry test used. Nevertheless, the analyses of the mitochondrial
data set derived after removing the composition-heterogeneous sequences using the MPTMS
recovered the Setaphyta clade (BS = 41%; Appendix Fig. A48), whereas the analysis of the
chloroplast data using the same methodology (Appendix Fig. A49) showed an improved
support for the bryophytes clade (BS = 87%, contrasting with a node support of 78% BS of
Appendix Fig. A2). Rejection of the assumption of stationarity, as relative percentage

differences among tests, were also higher in the mitochondrial data when analysed using the

¥? test of compositional
homogeneity

Figure 4.4 - Tree-heterogeneous sequences (%) identified in the nuclear, chloroplast, and
mitochondrial single-protein partitions. Sequences were identified using the matched-pairs
test of symmetry (MPTS), matched-pairs test of marginal symmetry (MPTMS), matched-pairs
test of internal symmetry (MPTIS), and ¥ test of compositional homogeneity.
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2 test for compositional homogeneity among lineages, while the nuclear data showed the
lowest rate of rejected p-values (Appendix Table A4). Composition-heterogeneous sequences
were identified in 200 nuclear proteins (6.0% of all sequences), 43 chloroplast proteins
(6.9%), and 25 mitochondrial proteins (18.0%) (Appendix Table A4; Fig. 4.4). The major
relationships between charophyte groups and land plants inferred after removal of the
composition-heterogeneous sequences were congruent with those trees inferred from the
complete data sets. However, the support for the clade uniting land plants and Charophyceae
inferred from the mitochondrial data was lower than in the tree derived from the complete
data set analyses (BS = 80%; Appendix Fig. A50). Additionally, the Setaphyta clade (BS =
46%) was recovered in the same tree and not in the analyses of the complete data set.
Furthermore, the tree inferred from the chloroplast data after removal of the composition-
heterogeneous sequences exhibited a higher support for the monophyly of bryophytes (BS =
87%; Appendix Fig. A51) compared to the analyses of the complete data (BS = 78%).

The MCMC analysis of the combined nuclear data set (reduced to 33 taxa and 64
proteins) using the non-stationary NDCH2 model recovered Zygnematophyceae sister to land
plants with all nodes fully supported and congruent with the site-homogeneous analyses (LML
= -417773; Appendix Fig. A52). Despite the NDHC2 model not fitting the data adequately

according to the posterior predictive simulations of y? (X2 p-value = 0.02), the four
independent runs converged with respect to the topology. Similar NDCH2 analyses of the
reduced 33 taxon chloroplast data also recovered Zygnematophyceae as the sister group to
land plants (LML = -322044; Appendix Fig. A53), and model composition was a good

statistical fit to the data (X2 p-value = 0.1). All nodes of the resulting chloroplast NDCH2
analysis tree were fully supported, and the consensus topology was fully congruent with the
site-homogeneous tree. In contrast to the NDCH2 analyses of nuclear and chloroplast data,
that of the combined mitochondrial proteins recovered Charophyceae as the sister-group to
land plants with maximum support (best run LML = -174725; Appendix Fig. A54). Although
the resulting topologies did not fully converge between the four independent MCMC run
replicates (average standard deviation of split frequencies = 0.6), the placement of
Charophyceae was congruent across the four analyses. The y? posterior predictive test
indicated that the NDCH2 model was an adequate fit to the data (X? p-value >= 0.4). The
most notable difference compared to the site-homogeneous analyses was within bryophytes,
where hornworts were recovered sister to mosses, though this clade was only supported in the
run with the highest LML (PP = 1.00).
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The multispecies coalescent analyses of the nuclear data set recovered a clade
composed of Zygnematophyceae and land plants (PP = 0.99; Appendix Fig. A55), as was
found with the ML and BI analyses of the same data. The Desmidiales and their closest
Zygnematales had some nodes with low support (PP = 0.43-0.93) and some topological
disagreements with former analyses. The land plants received a strong to maximum support
(PP = 0.99-1.00) in most nodes, except the clade uniting bryophytes (PP = 0.96). The same
methodology conducted using the optimal ML trees inferred from single-protein alignments
with the composition-sequences (identified using the MPTMS) removed recovered the same

topology.

4.4 Discussion

Nuclear, chloroplast, and mitochondrial phylogenies of the Streptophyta were inferred
using data-specific amino-acid substitution rate models which were a better-fit to the data than
the best-fitting empirical models. The data-specific models have the substitution parameters
optimised for the study data and, therefore, are more likely to estimate accurate phylogenies
and be less prone to systematic biases that result from using poorer-fitting models.
Nevertheless, using only one substitution model, be it data-specific or not, for the entire data
set assumes homogeneity of rates among sites and among lineages. Therefore, because
possible systematic biases are not known a priori, data-specific models were extended with
additional parameters to form more complex models, or combined with data-driven strategies,
such as partitioning and data exclusion (sequence sub-setting and removal of among-lineage
heterogeneous sequences). These methods aim to improve the model fit to the data and to
accommodate heterogeneity that could bias the inferred trees. For instance, in the NDCH2
analyses of the mitochondrial data the p-value of the posterior predictive simulations of the
test was higher for the buried-sites partition than for analysis of the full data. Notably,
partitioned analyses of the buried sites also led to topological rearrangements resulting in the
emergence of expected clades such as the Setaphyta. These results demonstrate that the
model-fit improved when the buried-sites were partitioned and analysed separately,
highlighting the advantage of selecting appropriate data for analysis.

The analyses of both the nuclear data set and the chloroplast data set recovered
Zygnematophyceae as the closest living algae of land plants as found in previous studies that
analysed nuclear data (e.g., Wickett et al., 2014; Leebens-Mack et al., 2019) and chloroplast
data (e.g., Lemieux et al., 2016; Gitzendanner et al., 2018). However, this result contrast with

other studies where analyses of nuclear data recovered a clade comprising Zygnematophyceae
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and Coleochaetophyceae as the sister-group sister to land plants probably due to limited taxon
sampling (Wodniok et al., 2011; Finet et al., 2010, 2012; Laurin-Lemay et al., 2012). A broad
taxon-sampling in the chloroplast analyses, along with the use of data-specific models, likely
contribute to finding maximum support for the divergence between Zygnematophyceae and
land plants in a ML framework. Previous studies had a robust, but not maximum, support for
the same clade but used empirical substitution models, and included fewer taxa (e.g. Lemieux
et al., 2016). The analyses conducted here also incorporated the use of the composition tree-
heterogeneous NDCH2 model, contrasting with many previous studies which only used tree-
homogeneous models for the analyses of the combined data (e.g., Gitzendanner et al., 2018;
Leebens-Mack et al., 2019; Orton et al., 2020; Hess et al., 2022). The trees computed from
the nuclear and chloroplast data sets using the NDCH2 and the analyses of the data sets with
composition-heterogeneous sequences removed did not indicate any influence of among-
lineage composition heterogeneity in the emergence of land plants. This result contrasts with
previous analysis of nucleotide data using all codon positions, which indicated among-lineage
heterogeneity as source of systematic bias, as the analyses recovered a clade composed by
Charophyceae as sister-group to land plants, albeit weakly supported (Wickett et al., 2014).
The nuclear and chloroplast data analyses using site-heterogeneous models, as well as
partitioning and data exclusion analyses, also recovered Zygnematophyceae as the sister
group to land plants (e.g., Fig. 4.1; Appendix Fig A4, A17, A18, A52, A53). However, most
nuclear and chloroplast single-protein trees failed to demonstrate a statistically well-supported
relationship between charophytes and land plants, likely due to the lack of information typical
in short single-protein partitions (i.e. stochastic error), and thereby indicating the absence of
significant incongruence between proteins. The multispecies coalescent analysis of the
nuclear data indicated the absence of strong conflict between individual protein trees and the
species tree indicating that ILS had little influence on the divergence between charophytes
and land plants. Together these analyses demonstrate that the Zygnematophyceae is the most
likely sister group to land plants based on phylogenetic signal derived from the nuclear and
chloroplast data.

In contrast to the nuclear and chloroplast data, the analyses of the combined
mitochondrial data set inferred Charophyceae as the closest charophyte relative to land plants,
regardless of whether the data were analysed using site-homogeneous or more complex
heterogeneous models (see also Turmel et al., 2013). The congruence between trees resulting
from the site-homogeneous, CAT, and NDCH2 model analyses indicated a likely absence of

compositional bias among lineages and sites affecting the identity of the sister group of plants.
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Moreover, strong support for the sister-group relationship between land plants and
Charophyceae in these analyses reinforces the robustness of the inferred phylogeny and
suggests that mitochondrial data may carry a different phylogenetic signal from the nuclear
and chloroplast data. However, trees inferred from the buried-sites partition - the more slowly
evolving sites - and some single protein alignments of the mitochondrial data recovered
Zygnematophyceae as the sister-group to land plants. These trees did not show a full
reconciliation with the nuclear and chloroplast topologies, as the resulting topologies
recovered Charophyceae as the sister-group to the clade composed of Zygnematophyceae and
land plants, rather than Coleochaetophyceae. Nevertheless, the observation that at least some
partitions of the mitochondrial data are congruent with the well-supported results placing
Zygnematophyceae as the sister-group to land plants suggests that the incongruent
mitochondrial data placing Charophyceae more closely related to land plants may be subject
to other systematic biases not accounted for by the heterogeneous models used in this study.
Alternatively, the two phylogenetic signals present in the mitochondrial data could be both
real, and perhaps due to evolutionary processes such as horizontal gene transfer (HGT). The
transfer of genetic material between streptophyte taxa is a notable feature of their
mitochondrial genomes (Richardson and Palmer, 2007; Mower et al., 2012), especially among
spermatophytes (e.g., Bergthorsson et al., 2003; 2004; Woloszynska et al., 2004). Examples
of HGT among the green algae have also been recorded, such as in the chlorophyte
Nephroselmis olivacea (Turmel et al., 1999a). Hence despite HGT being present in green
plant taxa (Viridiplantae), there has not been any recorded instance of HGT among
charophyte mitochondrial genomes. It is notable that in the analyses of the mitochondrial data
11 single-protein trees recovered Charophyceae sister to land plants, while nine placed
Zygnematophyceae as the sister-group, indicating that relatively large scale HGT would need
to have occurred. These results appear to deviate from most recorded cases of HGT in the
mitochondrial genome which usually involve just a single or few genes transfer (Bergthorsson
et al., 2003; Won and Renner, 2003; Woloszynska et al., 2004; Davis et al., 2005; Kitazaki et
al., 2011; Sanchez-Puerta et al., 2011; but see also Bergthorsson et al., 2004). Together the
evidence might suggest that while HGT is a possible cause of the conflicting phylogenetic
signals within the mitochondrial genome, because of the extent of the conflict among proteins
it seems more likely to be a result of unaccounted for systematic bias in the analyses.

The taxon sampling of Zygnematophyceae (36 to 42 taxa) was the largest of any major
group of Streptophytes among the data sets analysed here. Previously analyses of nuclear data

indicated S. muscicola as the earliest-diverging Zygnematophyceae algae using ML and site-
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heterogeneous models (Cheng et al., 2019; Hess et al., 2022). The analyses conducted here
using BI with site- and tree-heterogeneous models were congruent with the previous findings.
Moreover, the analyses of the organellar data recovered the same relationship. Therefore, the
robust placement of S. muscicola across the three data sets supports its classification within its
own taxonomic order (Cheng et al., 2019). By contrast, the position of the clade comprising
M. endlicherianum and M. braunii was not congruent between the analyses presented here,
resulting in two main hypothesis: the two taxa form a clade sister to the remaining
Zygnematales (e.g., Appendix Fig. A17), or this clade together with other Zygnematales, such
as other Mesotaenium spp. and the genera Cylindrocystis, form a well-supported group within
the Zygnematales grade (e.g., Fig. 4.1). The first hypothesis is supported by the analyses of
the chloroplast data, with moderate to maximum support, while the nuclear data analyses
support the second hypothesis with strong to maximum support. The analyses of the
mitochondrial data did not recover the two Mesotaenium spp. as a clade, but some of the
analyses recovered M. endlicherianum sister to the remaining Zygnematales as did some of
the analyses of the chloroplast data. As a result of analyses similar to the chloroplast analyses
presented here, Hess et al., (2022) proposed that these two taxa be included in their own order
(Serritaeniales S.Hess & J.de Vries ord. Nov.). The topological conflict with the trees derived
from the nuclear data with regard to the placement of the two Mesotaenium sp. suggests that
other biases that those investigated here are the cause of the incongruence. This disagreement
may be due either to unaccounted for systematic bias in the analyses of either the nuclear data
or the organellar data. Although it is usually advisable to use amino-acid sequences for the
study of deep phylogenetic relationships, in this case it is possible that nucleotide sequences
might be more appropriate for analyses of these shallower relationships.

The analyses conducted here identified phylogenetic conflict between methods and
data sets regarding the relationships of bryophytes. Hornworts were not recovered as sister to
Setaphyta in the CAT model analyses and exposed-sites partition analyses of the nuclear and
chloroplast data and were instead placed sister to embryophytes or to all other land plants. In
addition, when the hornworts were identified as sister to Setaphyta (i.e. a monophyletic
bryophyte clade) in site-homogeneous analyses the sister-group relationship did not receive
maximum support unlike most land plant nodes. These results alone suggest that the non-
monophyly of the bryophytes is the correct species tree and that their monophyly in some
analyses results from compositional bias among sites. However, after discarding the fastest-
evolving sites according to the ASRV criterion the support for the clade uniting hornworts and

Setaphyta increased in nuclear and chloroplast data analyses. Exposed sites are expected to
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evolve more rapidly than the buried sites which was in part corroborated by the presence of
fewer constant sites in the exposed-sites partitions. Consequently, exposed sites are more
prone to having multiple substitutions that can obscure the phylogenetic signal. It is possible
therefore that topologies derived from the exposed-sites partitions in both the nuclear and
chloroplast data analyses were biased by unreliable, substitutional saturated, sites. Moreover,
the phylogenies inferred from the buried-sites partitions recovered bryophytes monophyletic
with maximum support. In addition, previously published analyses of nucleotide sequences
have demonstrated that fast-evolving synonymous substitutions biased the inference of the
phylogenetic relationships of hornworts (Sousa et al., 2019). The analyses of both nuclear and
chloroplast data sets demonstrated improved support for the placement of hornworts when
composition-heterogeneous sequences were removed or analysed using the NDCH2 model
(Appendix Fig. A52 and A53). These results also corroborate previous studies where
compositional heterogeneity among lineages were shown to affect the inference of Bryophyta
monophyletic (Sousa et al., 2019, 2020). Consequently, it is likely that the non-monophyly of
bryophytes found with the CAT model analyses of the nuclear and chloroplast data is due to
non-stationary composition among lineages.

In contrast to nuclear and chloroplast data analyses, the majority of the analyses of the
mitochondrial data did not recover a monophyletic Setaphyta. However, this clade was
recovered when composition-heterogeneous sequences identified using the MPTMS or the y?
test of compositional homogeneity among lineages were removed. Moreover, the NDCH2
model analyses of the buried-sites partition and sequence sub-setting analyses using OV
criterion recovered the Setaphyta as monophyletic. Overall, these results agree with the
analyses of Sousa et al., (2020) which support for Setaphyta when inferred from
mitochondrial data using the model NDCH2, indicating that this clade is affected by among-
lineage composition heterogeneity. In addition, the sub-setting analyses suggest that site
variability as measured by the OV criterion may be related to compositional heterogeneity
among lineages, and in such cases, the removal of sites with the highest OV score reduces
compositional heterogeneity.

Among the three genomes, data from the mitochondrial genome was shown to have
the most compositional heterogeneity as determined by the MPTS, MPTMS, and y? test. The
¥? test and the MPTMS identified the most composition-heterogeneous sequences (3% and
18% respectively) in the mitochondrial data which, after removal from the analyses, resulted
in trees that recovered the Setaphyta clade. These results seemingly demonstrate therefore the

efficacy of the MPTMS and y® test to correctly identify composition-heterogeneous
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sequences. By contrast, the MPTIS appears to be inefficient and lacks ability to identify rate-
heterogeneous sequences, as demonstrated previously using simulated data (Chapter 111).

4.5 Conclusions

Overall, the resulting nuclear and chloroplast phylogenies showed strong agreement
which suggests the absence of discordant phylogenetic signals, be they compositional,
structural, or substitution-related regarding the position of Zygnematophyceae as the sister-
group to land plants. Analyses of mitochondrial data, on the other hand, show two distinct
phylogenetic signals supporting either the Zygnematophyceae or the Charophyceae as the
most closely related algal lineage to land plants. This result was robust to potential systematic
biases due to either among-lineage composition or rate heterogeneity. The conflict detected in
these data likely consist of either distinct phylogenetic signals due to biological processes
such HGT or, alternatively, the currently available models are not able to account for all
known processes affecting phylogenetic reconstruction in these data. Nuclear and chloroplast
data analyses also showed the effect of fast-evolving sites, exposed sites, and compositional
heterogeneity in the position and support for the placement of hornworts, and hence, the
monophyly of the bryophytes. Similarly, mitochondrial analyses indicated the occurrence of
systematic bias in the inference bryophytes relationships, in particular those that affected the
monophyly of Setaphyta due compositional heterogeneity among lineages. Reconciling part
of the incongruence in the phylogenetic inferences of all three genomes was possible by using

better-fitting models and selecting the most appropriate data.
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4.7 Appendix
Table Al: Taxon samples included in the nuclear data analyses. For each species, the
corresponding NCBI accession number or seed alignment source, number of proteins, and

missing characters are shown.

Taxon names Accession gpdt%]icns I(\(/)I/(issing characters
Andreaea rupestris Iz_ce)igens-Mack et al.| 357 14.5
Arabidopsis thaliana Iz_gigens-Mack et al.| 3g5 6.4
Bambusina borreri Iz_gigens-Mack et al.| 577 44.2
é:lrg%e(;t;)usr%haeridium Iz_gigens-Mack et al, 261 445
Chara braunii GCA 003427395.1 324 23.1
Chara vulgaris Iz_gigens-Mack et al.| 184 62.5
Chlorokybus atmophyticus |GCA_009103225.1 386 16.2
Closterium lunula Iz_gigens-Mack et al.| 59 62.2
Coleochaete irregularis Iz_gigens-Mack et al,| g5 12.1
Coleochaete orbicularis SRR1594679 391 30.3
Coleochaete scutata Iz_gcigens-Mack et al.| 397 7.5
Cosmarium broomei Iz_gigens-Mack et al.,| 199 66.1
Cosmarium granatum Iz_gcigens-Mack et al,| 937 47.9
Cosmarium ochthodes Iz_gigens-Mack et al.,| 5g5q 324
Cosmarium subtumidum Iz_gcigens-Mack et al.| 35 51.3
Cosmarium tinctum Iz_gigens-Mack et al.| 3p3 26.0
Cosmocladium cf Iz_gitg)ens-Mack et al.| 597 30.1
Cycas micholitzii Iz_gigens-Mack et al,| 355 24.5
Cylindrocystis brebissonii | 5ecens-Mack et al.,| 3g4 15.0
Cylindrocystis cushleckae Iz_gigens-Mack et al, 370 11.8
Cylindrocystis sp. Iz_gitg)ens-Mack et al.| 356 18.0
Desmidium aptogonum Leebens-Mack et al.,| 268 42.3
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2019

Entransia fimbriata Iz_gigens-Mack et al, 358 19.3
Euastrum affine Iz_ce)igens-Mack et al, 271 48.5
Gonatozygon kinahanii Iz_gigens-Mack et al, 335 25.6
Huperzia selago Iz_ce)igens-Mack et al,| 374 14.2
Isoetes tegetiformans Iz_gigens-Mack et al, 380 8.4
Klebsormidium flaccidum | 5eehens-Mack et al.,| 397 3.8
Klebsormidium nitens GCA 000708835.1 354 48.5
Klebsormidium subtile Iz_gigens-Mack et al, 245 65.6
Marchantia polymorpha Iz_gigens-Mack et al, 331 25.5
Mesostigma viride GCA _009746045.1 350 41.1
Mesotaenium braunii Iz_gigens-Mack et al,| 543 24.6
Mesotaenium caldariorum Iz_gigens-Mack et al, 346 18.3
Mesotaenium

endlicherianum GCA 009602735.1 395 13.3
Mesotaenium kramstae Iz_gigens-Mack et al, 370 14.0
Micrasterias fimbriata Iz_gcigens-Mack et al,| 997 34.1
Mougeotia sp. Iz_gigens-Mack et al,| 339 20.2
Netrium digitus Leebens-Mack et al.| pg9 36.6
Nitella mirabilis SRR486217 382 15.9
Nothoceros vincentianus Iz_gigens-Mack et al, 326 23.7
Nucleotaenium eifelense Iz_gigens-Mack et al, 174 69.2
Onychonema laeve Iz_gilgaens-Mack et al, 313 28.4
Ophioglossum_petiolatum Iz_gigens-Mack et al, 348 27.8
Paraphymatoceros hallii Iz_gilgaens-Mack et al,| 573 28.1
Penium exiguum Iz_gigens-Mack et al.| 319 28.2
Penium margaritaceum Leebens-Mack et al..| 59, 57.4

2019
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Phymatodocis

Leebens-Mack

et

al.,

nordstedtiana 2019 330 25.1
Physcomitrella pattens Iz_gigens-Mack et al.| 349 18.8
Planotaenium ohtanii Iz_gigens-Mack et al.| 595 30.6
Pleurotaenium trabecula Iz_ce)igens-Mack et al, 262 46.4
Psilotum_nudum Iz_gigens-Mack et al.| 331 28.2
Ptilidium pulcherrimum | 5eehens-Mack et al.,| 34 26.9
Roya obtusa Iz_gigens-Mack et al.| 395 294
Spirogloea muscicola GCA _009602725.1 357 56.4
Spirogyra pratensis SRR1594156 385 16.4
Spirogyra sp. Iz_gigens-Mack et al.| o4 56.9
Spirotaenia minuta Iz_gigens-Mack et al,| ooy 52.1
Staurastrum sebaldi Iz_gigens-Mack et al.| yg7 40.4
Staurodesmus convergens Iz_gigens-Mack et al.| 35 23.6
Staurodesmus omearii Iz_gcigens-Mack et al, 323 24.4
Xanthidium antilopaeum Iz_gigens-Mack et al,| 576 46.7
Zygnemopsis sp. Leebens-Mack et al., 361 15.0

2019
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Table A2: Taxon samples included in the chloroplast data analyses. For each species, the
corresponding NCBI accession number, number of proteins, and missing characters are

shown.

- No. e
Taxon name Accession proteins Missing characters (%)
Angiopteris evecta DQ821119.1 80 0.8
Anthoceros angustus  |AB086179.1 78 3.5
Arabidopsis thaliana |NC_000932.1 74 9.1
Bambusina borreri ERS1830161 53 40.8
Chaetosphaeridium
globosum NC_004115.1 80 0.0
Chara braunii AP018555 78 1.8
Chara vulgaris NC_008097.1 78 1.7
Chlorokybus
atmophyticus NC_008822.1 78 2.4
Closterium baillyanum |[NC_030314.1 80 0.0
Closterium lunula ERS1830159 32 70.0
Coleochaete
irregularis ERS368235 d 86.1
Coleochaete
orbicularis SRR1594679 24 74.6
Coleochaete scutata NC _030358.1 72 6.9
Cosmarium botrytis NC_030357.1 80 0.0
Cosmarium broomei  |ERS1830162 48 57.3
Cosmarium granatum |ERS1830163 68 28.1
Cosmarium ochthodes |ERS368244 36 69.9
Cosmarium
subtumidum ERS1830165 45 55.2
Cosmarium tinctum ERS1830166 40 70.0
Cosmocladium cf ERS3670391 46 71.1
Cycas taitungensis NC_009618.1 78 1.6
Cylindrocystis
brebissoni] ERS1830179 78 1.7
Cylindrocystis
cushleckae ERS368241 2 98.3
Cylindrocystis sp. ERS3670392 46 63.7
Desmidium aptogonum |ERS1830160 67 33.7
Entransia fimbriata NC_030313.1 74 3.8
Euastrum affine ERS1830167 54 41.2
Gonatozygon kinahanii |[ERS1830183 8 92.3
Huperzia lucidula NC_006861.1 80 0.3
Interfilum paradoxum |ERS1830152 43 57.1
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Interfilum  terricola/

Geminella terricola NC_025542 62 23.0
Isoetes flaccida NC 014675.1 76 3.8
Klebsormidium

flaccidum NC_024167.1 70 7.1
Klebsormidium nitens |DF238762.1.J 69 8.0
Klebsormidium subtile |ERS368238 5 93.3
Leiosporoceros dussii  |[NC_039750.1 79 1.4
Marchantia

polymorpha NC_001319.1 77 2.2
Mesostigma viride NC_002186.1 77 4.3
Mesotaenium braunii |ERS1830176 20 78.1
Mesotaenium

caldariorum ERS1830177 4 96.9
Mesotaenium

endlicherianum NC_024169.1 79 1.2
Mesotaenium kramstei |[ERS1830178 27 69.5
Micrasterias fimbriata |ERS1830168 7 88.4
Mougeotia sp. ERS368242 20 81.1
Netrium digitus NC_030356.1 80 0.1
Nitella hyalina KX306884.1 77 34
Nitella mirabilis SRR486217 69 20.2
Nucleotaenium

cifelense ERS1830180 2 66.1
Onychonema laeve ERS1830169 47 57.4
Penium exiguum ERS1830182 69 29.6
Penium margaritaceum | ERS368250 55 40.8
Phymatodocis

nordstedtiana ERS1830170 9 85.9
Physcomitrella patens |NC_005087.2 77 3.0
Planotaenium ohtanii |ERS1830181 32 62.0
Pleurotaenium

trabecula ERS1830171 67 22.9
Psilotum nudum AP004638 75 8.1
Ptilidium

pulcherrimum HM222519.1 76 8.2
Roya anglica NC _024168.1 79 0.2
Sanionia uncinata NC_025668.1 76 3.6
Spirogloea muscicola |GCA_009602725.1|68 9.1
Spirogyra maxima NC_030355.1 80 0.1
Spirogyra pratensis SRR1594156 69 10.5
Spirogyra sp. ERS368243 71 13.8
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Spirotaenia minuta ERS368249 34 63.8
Staurastrum

punctulatum NC_008116.1 80 0.0
Staurastrum sebaldi ERS1830172 64 41.0
Staurodesmus

convergens ERS1830173 6 93.2
Staurodesmus omearii |ERS1830174 34 69.6
Xanthidium

antilopaeum ERS1830175 46 58.5
Zygnema

C|yrcumcarinatum NC_008117.1 79 0.6
Zygnemopsis sp ERS3670390 43 21.4
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Table A3: Taxon samples included in the mitochondrial data analyses. For each species, the
corresponding NCBI accession number, number of proteins, and missing characters are

shown.

. No. of .
Taxon name Accession . Missing characters (%)

proteins

Aneura pinguis NC_026901 35 12.2
Anthoceros angustus |NC_037476 20 35.79
Arabidopsis thaliana |NC_037304 27 19.13
Bambusina borreri ERS1830161 17 54.9
Chaetosphaeridium NC 004118.1 35 10.99
globosum -
Chara braunii AP018556.1 38 9.95
Chara vulgaris NC_005255.1 37 4.85
Chlorokybus NC_009630.1 |37 6.31
atmophyticus -
Closterium baillyanum |[NC_022860.1 38 3.1
Closterium lunula ERS1830159 34 18.36
Coleochacte ERS368235 13 76.57
irregularis
Coleochaete SRR1594679 12 81.38
orbicularis
Coleochaete scutata |NC 045180 35 9.68
Cosmarium broomei |ERS1830162 14 80.77
Cosmarium granatum |ERS1830163 29 35.29
Cosmarium ERS1830165 17 53.81
subtumidum
Cosmarium tinctum ERS1830166 27 34.77
Cosmocladium cf ERS3670391 17 66.07
Cycas taitungensis NC 010303 36 5.34
Cylindrocystis ERS1830179 11 74.98
brebissonii
Cylindrocystis ERS368241 21 61.8
cushleckae
Cylindrocystis sp. ERS3670392 17 63.01
Desmidium ERS1830160 25 44.22
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aptogonum

Entransia fimbriata |NC_022861.1 33 12.44
Euastrum affine ERS1830167 29 24.09
E‘;Z;‘;ﬁ'gon ERS1830183 23 52.21
Interfilum paradoxum |KP165386.1 29 24.14
Isoetes engelmannii DF238763.1 23 28.9
:T;iz?g:zidi”m NC_039751 34 9.07
Klebsormidium nitens |[NC_001660 31 14.27
Klebsormidium subtile [INC_037508 24 35.64
Leiosporoceros dussii |[NC_008240.1 23 30.71
ﬁ;fnhfrfﬁ,z ERS1830176 38 6.17
Mesostigma viride ERS1830177 35 13.47
Mesotaenium braunii  |ERS1830176 7 88.99
g?ggﬁg:&‘:nm ERS1830177 27 35.59
Mesotaenium

endlicheranum ERS368245 37 11.99
Mesotaenium kramstei |ERS1830178 11 75.12
Micrasterias fimbriata | ERS1830168 22 38.45
Mougeotia sp. ERS368242 24 42.21
Netrium digitus ERS368247 6 89.69
Nitella hyalina NC 017598.1 37 6.62
Nitella mirabilis SRR486217 31 29.73
Onychonema laeve ERS1830169 13 73.3
Coaﬁ:}i;’r?]'asn‘im NC_030900 36 8.44
Penium exiguum ERS1830182 20 50.51
;Z?;J::itaceum ERS368250 19 64.3
Phlegmariurus NC_017755 34 13.87

squarrosus
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Phymatodocis

nordstedtiana ERS1830170 18 65.48
Physcomitrella patens [NC_007945 38 2.52
Planotaenium ohtanii |ERS1830181 31 27.3
Efg’g?&em“m ERS1830171 27 28.97
Psilotum nudum NC 030952 24 40.2
Roya obtusa NC_022863.1 38 3.18
Sanionia uncinata NC 027974 38 2.34
Spirogloea muscicola |GCA_009602725.1 |31 34.53
Spirogyra pratensis  |SRR1594156 33 15
Spirogyra sp. ERS368243 16 53.51
Spirotaenia minuta ERS368249 3 92.02
Staurastrum sebaldi  |ERS1830172 23 57.48
iﬁiﬂ;ﬁgiﬁg“g ERS1830173 21 52.46
Staurodesmus omearii |[ERS1830174 18 54.77
;(:tr:ltgﬁ:?m ERS1830175 31 21.99
Zygnemopsis sp ERS3670390 29 35.7
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Table A4: P-values lower than 5% and tree-heterogeneous sequences. Percentages of p-values
< 5% and tree-heterogeneous sequences and number of proteins that evolved under tree-
heterogeneous processes across the nuclear, chloroplast, and mitochondrial data sets. P-values
are derived from the matched-pairs tests of symmetry and y* test for compositional
homogeneity coupled with the Benjamini-Hochberg and Bonferroni correction procedures and
without correction.

P-values < 0.05 (%)
(Tree-heterogeneous sequences %; Proteins N)
Data 2 test of
MPTS MPTMS MPTIS Compositional
homogeneity
<0.1 0.1 <0.1 6.0
Nuclear
(<0.1; 1) (0.8; 49) (<0.1; 1) (6.0; 200)
<0.1 0.6 0 6.9
Chloroplast
0.2;2) 1.5;7) 0 (6.9; 43)
1.8 1.4 0 18.0
Mitochondrial
(1.7; 10) (3.0; 13) 0 (18.0; 25)
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Figure Al - Optimal maximume-likelihood tree comprising 63 taxa reconstructed from 409
concatenated nuclear proteins. Phylogeny was inferred using a data-specific substitution rate
model (GTRdatatTa+Fest). Log likelihood, L = -3437734. Support values at nodes (top) are
maximum-likelihood bootstraps calculated from 300 replicates using the same model, while
gene concordance factors, calculated using the single-protein trees, are denoted below.
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Figure A2 - Optimal maximume-likelihood tree comprising 71 taxa reconstructed from 84
concatenated chloroplast proteins. Phylogeny was inferred using a data-specific substitution
rate model (GTRuata+T'sa+Fest). Log likelihood, L = -382212. Support values at nodes (top) are
maximum-likelihood bootstraps calculated from 300 replicates using the same model, while
gene concordance factors, calculated using the single-protein trees, are denoted below.
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Figure A3 - Optimal maximum-likelihood tree comprising 64 taxa reconstructed from 40
concatenated mitochondrial proteins. Tree was inferred using a data-specific substitution rate
model (GTRdatatTsa+Fest). Log likelihood, L = -178179. Support values at nodes (top) are
maximum-likelihood bootstraps calculated from 300 replicates using the same model, while
gene concordance factors, calculated using the single-protein trees, are denoted below.

228



Figure A4 - Phylogeny comprising 33 taxa inferred from 64 concatenated nuclear proteins.
Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution of a
MCMC analysis using the CAT model and a data-specific substitution rate model
(GTRdatatT's4+Fcat). Marginal likelihood, LML =-361946. Node support values are Bayesian
posterior probabilities.
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Figure A5 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 10% of the fastest-evolving sites determined according to the gamma-
distributed among-site rate variation. Phylogeny comprising 63 taxa inferred using a data-
specific substitution rate model (GTRuaatT'4+Fest). Log likelihood, L = -2609234. Support
values at nodes are maximum-likelihood bootstraps calculated from 300 replicates using the

same model.
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Figure A6 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 20% of the fastest-evolving sites determined according to the gamma-
distributed among-site rate variation. Phylogeny comprising 63 taxa inferred using a data-
specific substitution rate model (GTRuaatT'4+Fest). Log likelihood, L = -2012555. Support
values at nodes are maximum-likelihood bootstraps calculated from 300 replicates using the

same model.
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Figure A7 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 30% of the fastest-evolving sites determined according to the gamma-
distributed among-site rate variation. Phylogeny comprising 63 taxa inferred using a data-
specific substitution rate model (GTRdatatT'a+Fest). Log likelihood, L = -1507447. Support
values at nodes are maximume-likelihood bootstraps calculated from 300 replicates using the

same model.
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Figure A8 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 40% of the fastest-evolving sites determined according to the gamma-
distributed among-site rate variation. Phylogeny comprising 63 taxa inferred using a data-
specific substitution rate model (GTRuatatT'4+Fest). Log likelihood, L = -1007909. Support
values at nodes are maximum-likelihood bootstraps calculated from 300 replicates using the

same model.
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Figure A9 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 50% of the fastest-evolving sites determined according to the gamma-
distributed among-site rate variation. Phylogeny comprising 63 taxa inferred using a data-
specific substitution rate model (GTRyatatT4+Fest). Log likelihood, L = -672970. Support
values at nodes are maximume-likelihood bootstraps calculated from 300 replicates using the

same model.
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Figure A10 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 10% of the fastest-evolving sites determined according to the observed
variability score. Phylogeny comprising 63 taxa inferred using a data-specific substitution rate
model (GTRdatatT's+Fest). Log likelihood, L = -2666368. Support values at nodes are
maximume-likelihood bootstraps calculated from 300 replicates using the same model.
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Figure A1l - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 20% of the fastest-evolving sites determined according to the observed
variability score. Phylogeny comprising 63 taxa inferred using a data-specific substitution rate
model (GTRdatatT's4+Fest). Log likelihood, L = -2015067. Support values at nodes are
maximume-likelihood bootstraps calculated from 300 replicates using the same model.
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Figure A12 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 30% of the fastest-evolving sites determined according to the observed
variability score. Phylogeny comprising 63 taxa inferred using a data-specific substitution rate
model (GTRgatatlsatFest). Log likelihood, L = -1483727 Support values at nodes are
maximum-likelihood bootstraps calculated from 300 replicates using the same model.
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Figure A13 - Optimal maximum-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 40% of the fastest-evolving sites determined according to the observed
variability score. Phylogeny comprising 63 taxa inferred using a data-specific substitution rate
model (GTRdatatT's+Fest). Log likelihood, L = -1044837. Support values at nodes are
maximum-likelihood bootstraps calculated from 300 replicates using the same model.
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Figure Al4 - Optimal maximume-likelihood tree reconstructed from 409 concatenated nuclear
proteins after removal 50% of the fastest-evolving sites determined according to the observed
variability score. Phylogeny comprising 63 taxa inferred using a data-specific substitution rate
model (GTRgaatT'a+Fest). Log likelihood, L = -673386. Support values at nodes are
maximum-likelihood bootstraps calculated from 300 replicates using the same model.
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Figure A15 - Optimal maximum-likelihood tree comprising 409 taxa reconstructed from
buried-sites partition of the 409 concatenated nuclear proteins. Phylogeny was inferred using
a data-specific substitution rate model (GTRgaatTsatFest). Log likelihood, L = -1518530.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A16 - Optimal maximum-likelihood tree comprising 409 taxa reconstructed from
exposed-sites partition of the 409 concatenated nuclear proteins. Tree was inferred using a
data-specific substitution rate model (GTRdatatI's+Fest). Log likelihood, L = -1884393.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure Al7 - Phylogeny comprising 71 taxa inferred from 84 concatenated chloroplast
proteins. Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution
of a MCMC analysis with site-homogeneous composition and data-specific substitution rates
model (GTRgatatT'4+Fest). Marginal likelihood, LML = -312668. Node support values are
Bayesian posterior probabilities.

242



Figure A18 - Phylogeny comprising 71 taxa inferred from 84 concatenated chloroplast
proteins. Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution
of a MCMC analysis using the CAT model and a data-specific substitution rate model
(GTRdatatT'4+Fcat). Marginal likelihood, LML = -320781. Node support values are Bayesian
posterior probabilities.
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Figure A19 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 10% of the fastest-evolving sites determined according to
eny comprising 71 taxa inferred
Fest). Log likelihood, L = -266630
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates

the gamma-distributed among-site rate variation. Phylog
using a data-specific substitution rate model (GTRdatat+T s+

using the same model.
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Figure A20 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 20% of the fastest-evolving sites determined according to
the gamma-distributed among-site rate variation. Phylogeny comprising 71 taxa inferred
using a data-specific substitution rate model (GTRdata+T'4+Fest). Log likelihood, L = -183614
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A21 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 30% of the fastest-evolving sites determined according to
the gamma-distributed among-site rate variation. Phylogeny comprising 71 taxa inferred
using a data-specific substitution rate model (GTRudatat'4+Fest). L0Og likelihood, L = -122749.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A22 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 40% of the fastest-evolving sites determined according to
the gamma-distributed among-site rate variation. Phylogeny comprising 71 taxa inferred
using a data-specific substitution rate model (GTRdatat'4+Fest). Log likelihood, L = -77842.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A23 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 50% of the fastest-evolving sites determined according to
the gamma-distributed among-site rate variation. Phylogeny comprising 71 taxa inferred
using a data-specific substitution rate model (GTRdatat'4+Fest). Log likelihood, L = -47277.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A24 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 10% of the fastest-evolving sites determined according to
the observed variability score. Phylogeny comprising 71 taxa inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -280743 Support values at
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A25 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 20% of the fastest-evolving sites determined according to
the observed variability score. Phylogeny comprising 71 taxa inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -200708 Support values at
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.

250



Geminella terricola

96
el Mesostigma viride
gghSpirotaenia minuta
Chlorokybus atmophyticus
Entransia fimbriata
100

- Interfilum paradoxum
100 Klebsormidium subtile
[91[K/ebsormidium flaccidum
Klebsormidium nitens
ogorChara vulgaris
80 Chara braunii
. 1@[Nitella hyalina
Nitella mirabilis
Chaetosphaeridium globosum
Coleochaete irregularis
ggﬁoleochaete scutata
Coleochaete orbicularis
e Spirogloea muscicola
- Lmesotaenium braunii
Mesotaenium endlicherianum
Cylindrocystis cushleckae
Mesotaenium caldariorum
g7rMesotaenium kramstei
39[_ Zygnemopsis sp
20

89

99

1]
0

33

Zygnema circumcarinatum
>> 56 Mougeotia sp
'E?O Cylindrocystis brebissonii
Cylindrocystis sp
59 o Spirogyra sp
Ig_g[Spirogyra maxima
Spirogyra pratensis
Netrium digitus
Nucleotaenium eifelense
374L—Gonatozygon Kinahanii
Roya anglica
s 199[Closterium baillyanum
Closterium lunula
94|—_Penium margaritaceum
Planotaenium ohtanii
Cosmocladium cf
as se|Penium exiguum
Staurodesmus convergens

IN
N

41 Xanthidium antilopaeum
T 2 31L5taurastrum punctulatum
Cosmarium tinctum
Pleurotaenium trabecula
131 Cosmarium subtumidum
5 21 . Cosmarium botrytis
- - |.76 Cosmarium ochthodes
L cosmarium broomei
—_— Phymatodocis nordstedtiana
7"[3”9|_—Desmidium aptogonum
1 Bambusina borreri
Euastrum affine
QL Onychonema laeve
S 22_[Staurodesmus omearii
= Staurastrum sebaldi
{gg[Cosmarium granatum
Micrasterias fimbriata
10_9_|—_Physcomitrella patens
Sanionia uncinata
grgLMarchantia polymorpha
Ptilidium pulcherrimum
s6 100 Arabidopsis thaliana
T 64 Cycas taitungensis
o8 Psilotum nudum
66 — Angiopteris evecta
il 1@EHuperzia lucidula
77 Isoetes flaccida
os Anthoceros angustus
Leiosporoceros dussii
._‘0_1

Figure A26 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 30% of the fastest-evolving sites determined according to
the observed variability score. Phylogeny comprising 71 taxa inferred using a data-specific
substitution rate model (GTRudatatT's4+Fest). Log likelihood, L = -133170. Support values at
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A27 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 40% of the fastest-evolving
the observed variability score. Phylogeny comprising 71 taxa
substitution rate model (GTRgatatT'4+Fest). Log likelihood, L
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same

model.
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Figure A28 - Optimal maximum-likelihood tree reconstructed from 84 concatenated
chloroplast proteins after removal 50% of the fastest-evolving sites determined according to
the observed variability score. Phylogeny comprising 71 taxa inferred using a data-specific
substitution rate model (GTRgatatTa+Fest). Log likelihood, L = -50985. Support values at
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A29 - Optimal maximum-likelihood tree comprising 71 taxa reconstructed from
buried-sites partition of the 84 concatenated chloroplast proteins. Phylogeny was inferred
using a data-specific substitution rate model (GTRgatatTa+Fest). Log likelihood, L = -195145.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A30 - Optimal maximume-likelihood tree comprising 71 taxa reconstructed from
exposed-sites partition of the 84 concatenated chloroplast proteins. Phylogeny was inferred
using a data-specific substitution rate model (GTRgaat+'4+Fest). Log likelihood, L = -183404.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A31 - Phylogeny comprising 40 taxa inferred from 64 concatenated mitochondrial
proteins. Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution
of a MCMC analysis using the CAT model and a data-specific substitution rate model
(GTRdatatT's4+Fcat). Marginal likelihood, LML = -152815. Node support values are Bayesian
posterior probabilities.
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Figure A32 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 10% of the fastest-evolving sites determined according
to the gamma-distributed among-site rate variation. Phylogeny comprising 40 taxa inferred
using a data-specific substitution rate model (GTRyatatT4+Fest). LOg likelihood, L = -136071
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A33 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 20% of the fastest-evolving sites determined according
to the gamma-distributed among-site rate variation. Phylogeny comprising 40 taxa inferred
using a data-specific substitution rate model (GTRgaat+1'4+Fest). Log likelihood, L = -104102.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the sam
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Figure A34 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 30% of the fastest-evolving sites determined according
to the gamma-distributed among-site rate variation. Phylogeny comprising 40 taxa inferred
using a data-specific substitution rate model (GTRgata+I'4+Fest). L0g likelihood, L = -76031.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A35 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 40% of the fastest-evolving sites determined according
to the gamma-distributed among-site rate variation. Phylogeny comprising 40 taxa inferred
using a data-specific substitution rate model (GTRaata+I'4+Fest). LOg likelihood, L = -53126.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A36 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 50% of the fastest-evolving sites determined according
to the gamma-distributed among-site rate variation. Phylogeny comprising 40 taxa inferred
using a data-specific substitution rate model (GTRaata+I'4+Fest). L0g likelihood, L = -35079.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A37 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 10% of the fastest-evolving sites determined according
to the observed variability score. Phylogeny comprising 40 taxa inferred using a data-specific
substitution rate model (GTRgatatT's+Fest). Log likelihood, L = -139030 Support values at
nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A38 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 20% of the fastest-evolving sites determined according
to the observed variability score. Phylogeny comprising 40 taxa inferred using a data-specific
substitution rate model (GTRudatatT's4+Fest). Log likelihood, L = -106208. Support values at

nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A39 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 30% of the fastest-evolving sites determined according
to the observed variability score. Phylogeny comprising 40 taxa inferred using a data-specific
substitution rate model (GTRgatatT'a+Fest). Log likelihood, L = -76901. Support values at

nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A40 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 40% of the fastest-evolving sites determined according
to the observed variability score. Phylogeny comprising 40 taxa inferred using a data-specific
substitution rate model (GTRgatatT'a+Fest). Log likelihood, L = -52561. Support values at
nodes are maximume-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A41 - Optimal maximum-likelihood tree reconstructed from 64 concatenated
mitochondrial proteins after removal 50% of the fastest-evolving sites determined according
to the observed variability score. Phylogeny comprising 40 taxa inferred using a data-specific
substitution rate model (GTRgatatT'4+Fest). Log likelihood, L = -34933. Support values at

nodes are maximum-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A42 - Optimal maximum-likelihood tree comprising 40 taxa reconstructed from
buried-sites partition of the 64 concatenated mitochondrial proteins. Phylogeny was inferred
using a data-specific substitution rate model (GTRgatatTa+Fest). Log likelihood, L = -115910.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A43 - Optimal maximum-likelihood tree comprising 40 taxa reconstructed from
exposed-sites partition of the 64 concatenated mitochondrial proteins. Phylogeny was inferred
using a data-specific substitution rate model (GTRdatatT'4+Fest). Log likelihood, L = -59,799.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A44 - Phylogeny comprising 40 taxa inferred from the buried-sites partition of the 64
concatenated mitochondrial proteins. Majority-rule consensus tree of 10,000 trees obtained
from the posterior distribution of a composition-heterogeneous MCMC analysis using the
CAT model and a data-specific substitution rate model (GTRgaatTs+Fcat). Marginal
likelihood, LML =-97934. Node support values are Bayesian posterior probabilities.
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Figure A45 - Phylogeny comprising 40 taxa inferred from the exposed-sites partition of the 64
concatenated mitochondrial proteins. Majority-rule consensus tree of 10,000 trees obtained
from the posterior distribution of a composition-heterogeneous MCMC analysis using the
CAT model and a data-specific substitution rate model (GTRgaatTa+Fcar). Marginal
likelihood, LML = -55930. Node support values are Bayesian posterior probabilities. Node
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Figure A46 - Phylogeny comprising 64 taxa inferred from the buried-sites partition of the 40
concatenated mitochondrial proteins. Majority-rule consensus tree of 10,000 trees obtained
from the posterior distribution of the best marginal likelihood run using the composition tree-
heterogeneous model, NDCH2, and a data-specific substitution rate model
(GTRdaatTa+FnpcHz). The model was a good statistical fit to the data (X? p-value = 0.99).
Marginal likelihood, LML = -112504. Node support values are Bayesian posterior
probabilities.
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Figure A47 - Phylogeny comprising 64 taxa inferred from the exposed-sites partition of the 40
concatenated mitochondrial proteins. Majority-rule consensus tree of 10,000 trees obtained
from the posterior distribution of four independent MCMC runs using the composition tree-
heterogeneous model, NDCH2, and data-specific  substitution rate  model
(GTRdatatTa+FnpcH2). The model was a good statistical fit to the data (X? p-value = 0.55).
Marginal likelihood, LML = -59373. Node support values are Bayesian posterior probabilities.
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Figure A48 - Optimal maximum-likelihood tree comprising 64 taxa reconstructed from 40
concatenated mitochondrial proteins, after removal of the composition-heterogeneous
sequences. Heterogeneous sequences were identified using the MPTMS coupled with the
Benjamini-Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-
specific substitution rate model (GTRyatatT4+Fest). Log likelihood, L = -162286. Support
values at nodes are maximume-likelihood bootstraps calculated from 300 replicates using the
same model.
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Figure A49 - Optimal maximum-likelihood tree comprising 71 taxa reconstructed from 84
concatenated chloroplast proteins, after removal of the composition-heterogeneous sequences.
Heterogeneous sequences were identified using the MPTMS coupled with the Benjamini-
Hochberg p-value adjustment procedure. Phylogeny was inferred using a data-specific
substitution rate model (GTRdatatT'sa+Fest). Log likelihood, L = -357298. Support values at
nodes are maximume-likelihood bootstraps calculated from 300 replicates using the same
model.
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Figure A50 - Optimal maximum-likelihood tree comprising 64 taxa reconstructed from 40
concatenated mitochondrial proteins, after removal of the composition-heterogeneous
sequences. Heterogeneous sequences were identified using the y? test of compositional
homogeneity coupled with the Benjamini-Hochberg p-value adjustment procedure. Phylogeny
was inferred using a data-specific substitution rate model (GTRdatatT'a+Fest). Log likelihood, L
= -150009. Support values at nodes are maximum-likelihood bootstraps calculated from 300
replicates using the same model.
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Figure A51 - Optimal maximum-likelihood tree comprising 71 taxa reconstructed from 84
concatenated chloroplast proteins, after removal of the composition-heterogeneous sequences.
Heterogeneous sequences were identified using the y? test of compositional homogeneity
coupled with the Benjamini-Hochberg p-value adjustment procedure. Phylogeny was inferred
using a data-specific substitution rate model (GTRgaat+1'4+Fest). Log likelihood, L = -352991.
Support values at nodes are maximum-likelihood bootstraps calculated from 300 replicates
using the same model.
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Figure A52 - Phylogeny comprising 33 taxa inferred from 64 concatenated nuclear proteins.
Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution of four
independent MCMC runs using the composition tree-heterogeneous model, NDCHZ2, and a
data-specific substitution rate model (GTRuatatIs+FnpcHz). The model was not a good
statistical fit to the data (X2 p-value = 0.02). Marginal likelihood, LML = -417773. Node
support values are Bayesian posterior probabilities.
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Figure A53 - Phylogeny comprising 33 taxa inferred from 84 concatenated chloroplast
proteins. Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution
of four independent MCMC runs using the composition tree-heterogeneous model, NDCHZ2,
and a estimated data-specific substitution rate model (GTRdata+T'4+FnpcHz2). The model was a
good statistical fit to the data (X? p-value = 0.1). Marginal likelihood, LML = -322044. Node
support values are Bayesian posterior probabilities.
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Figure A54 - Phylogeny comprising 64 taxa inferred from 40 concatenated mitochondrial
proteins. Majority-rule consensus tree of 10,000 trees obtained from the posterior distribution
of the best marginal likelihood run using the composition tree-heterogeneous model, NDCH2,
and a data-specific substitution rate model (GTRgaat+I's+FnpcHz2). The model was a good
statistical fit to the data (X? p-value = 0.5). Marginal likelihood, LML = -174725. Node
support values are Bayesian posterior probabilities.
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Figure A55 - Phylogeny comprising 64 taxa inferred from 409 nuclear proteins. Multispecies
coalescent tree estimated from the optimal maximum-likelihood trees inferred from the 409
nuclear proteins. Node supports were given by posterior probabilities computed from the
transformation of quartets percentage in gene trees that agree or not with a branch.
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Chapter V

General Discussion
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5.1 General Discussion

The main aim of this thesis was to investigate the use of better-fitting amino-acid
substitution models that are estimated directly from the study data and to evaluate strategies to
mitigate the effects of systematic bias in phylogenetic analyses. Software tools used to
calculate data-specific substitution models were evaluated with the aim of identifying those
tools that offer the best trade-off between model accuracy and the cost in time to calculate the
model. Furthermore, procedures for assessing the substitution process heterogeneity among
lineages were explored, and a novel methodology to identify and reduce bias caused by
among-lineage heterogeneity was proposed. All analyses were conducted using protein
sequence data, with the ultimate objective of reconstructing the relationships among
Streptophyta, and specifically, identifying charophyte lineage most closely related to land
plants. Protein sequences were chosen because they are usually better suited to reconstructing
deep phylogenies (land plant evolved approximately 470MYA) due to their higher number of
character states (20 amino acids) and slower rates of evolution than nucleotide sequences
(Lemieux et al., 2016; Cox, 2018; Puttick et al., 2018).

Most phylogenetic protein sequence studies rely on pre-computed empirical models
(e.g., LG, WAG, cpREV), with researchers selecting the model for analysis with the best fit
from among a set of commonly-used empirical models. The best-fitting empirical model is
expected to be a good fit, or at least a good enough fit, to the data to be able to calculate an
accurate phylogenetic tree. However, unless one uses methods for assessing the absolute fit
(which is not that common), the adequacy of the model for analysis of the data cannot be
known, such that even the best-fitting model can have a poor fit to the data. In Chapter I,
phylogenies derived from simulated data using data-specific substitution models had a better
log-likelihood and longer branches than those trees inferred using the best-fitting empirical
models. This indicated that data-specific models better-fit the data and infer branch lengths
more accurately than the empirical models which tend to underestimate the number of
substitutions. Although the simulation procedure was relatively simple (e.g., it was site- and
tree-homogeneous), possibly limiting the applicability of these findings to complex real data,
the analyses of empirical data sets in Chapter Il and 1V confirm that data-specific models fit
better the data than empirical models, corroborating the simulation results. Additionally, some
of the trees resulting from the re-analysis of data from published studies using better-fitting
data-specific models showed topological rearrangements when compared to the original

published trees. Furthermore, as shown in Chapter Il, more sophisticated models, for
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instance, those that are partitioned or use empirical mixture models (LG4X; Le et al., 2012),
fail to compensate for the use of inadequately fitting, albeit best-fitting, empirical models
compared to the analysis of single-partitioned data using data-specific models, which showed
a better fit to the data.

If the method of choosing a best-fitting empirical model is done using a particular
software tool (e.g. ModelFinder), the empirical models implemented in the tool may be
inadequate for the data under analysis. For example, in the analyses of the streptophyte
mitochondrial data (Chapter 1V), the selected best-fitting model was the chloroplast cpREV
model because all mitochondrial models implemented in ModelFinder were metazoan-derived
and did not fit the streptophyte mitochondrial data well. A potentially much better-fitting
model is the sStmtREV model estimated from streptophyte mitochondrial data, but this model
is not among those tested by ModelFinder. Nevertheless, ssmtREV was estimated using a data
set dominated by land plant taxa with a limited representation of charophyte algae potentially
making it a suboptimal solution compared to a data-specific model. While the lack of amino-
acid substitution models has driven the estimation of new models, such as stmtREV, more
comprehensive metazoan-derived mitochondrial models (Vinh et al., 2017), the chloroplast
gcpREV model (streptophyte-derived; Cox and Foster, 2013), and nuclear models (Q.bird,
Q.plant, Q.yeast, Q.insect, Q.mammal; Minh et al., 2021) from the analyses presented here it
appears more straightforward and more efficient to calculate a data-specific model. Given the
superior fit of data-specific models in the analyses of simulated and empirical data, whether
nuclear, organellar or across several taxonomic groups, it is unlikely that the use of an
empirical model can be justified. This holds regardless of how well a published empirical
model might fit the data, as data-specific models are likely always to exhibit a better fit or, at
minimum, a similar fit in cases where the data are 'very close' to being accurately modelled by
one of the commonly-used empirical models. The analyses of short alignments, 400 sites,
indicated that models calculated from these data sets are less accurate than those estimated
from longer alignments, but they did not perform worse than empirical models. Moreover, the
time required to select a model from available candidates can exceed the time needed to
compute a data-specific model. Indeed, all ML based solutions were reasonably fast, with 1Q-
TREE showing the best trade-off between the model accuracy and speed calculation. The
results of the Bayesian inference solution, implemented in P4, had the longest runtime.
However, the fit of these Bayesian-estimated models improved significantly with longer
alignments. Perhaps, if calculated from longer alignments (>8,000 sites long), the resulting

models would produce the most accurate trees and would have the best fit. Nevertheless, even
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if it is possible to calculate better models using this method, the time cost is prohibitive
without a relevant gain compared with the ML methods.

As to be expected, the substitution rates estimated for a data-specific model are more
accurate (better-fitting) than those of an empirical model, as they are optimised for the data
under analysis. Consequently, data-specific models have a greater robustness against biases
caused by using poorer-fitting models. Nevertheless, the benefits of employing data-specific
models are limited as they address only the substitution rates in a tree-homogeneous and rate
reversible context, while other sources of systematic bias are not addressed (Yang and
Roberts, 1995; Foster and Hickey, 1999; Foster, 2004; Jermiin et al., 2004; Blanquart and
Lartillot, 2006). In Chapter Ill, the accuracy of methods for assessing compositional and
rates heterogeneity among lineages was explored. The underlying motivation for these
analyses rests on the assumption that identifying and excluding tree-heterogeneous sequences
should reduce their distorting effects on tree inference. In addition, after removing
heterogeneous sequences it is anticipated that the remaining data are tree-homogeneous and
can be accurately analysed using a tree-homogeneous model without violating the model’s
assumptions of stationarity and among-lineage homogeneity and thereby improving the

overall model fit and the accuracy of the inferred tree. The matched-pairs tests enable

identification of composition- and/or rate-heterogeneous sequences, whereas the X2 test for
compositional homogeneity among lineages can identify composition-heterogeneous
sequences. The matched-pairs test of marginal symmetry (MPTMS) exhibited greater
statistical power than the matched-pairs test of symmetry (MPTS) and the matched-pairs test
of internal symmetry (MPTIS). The y? test identified more composition-heterogeneous
sequences than the matched-pairs tests in the analyses of the empirical data in Chapter 1V
therefore suggesting it had a greater statistical power than the matched pairs tests. However,
this test was not evaluated using simulated data and consequently the magnitude of the rate of
Type | and Type 1l errors was not assessed. The phylogenies inferred from the filtered data
sets in Chapter 111 and 1V where composition-heterogeneous sequences were removed using
the MPTMS and the y® test resulted in topological rearrangements. Such topological
rearrangements included the Setaphya clade, bryophytes as monophyletic or a paraphyletic
group with the lycophytes sister to hornworts, and the monophyly of the Archaeplastida.
These topological rearrangements could be seen as indicative of the efficacy of the approach
taken given that they are congruent with current phylogenetic understanding and presumed
most likely to be correct.
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By contrast, the MPTS had systematically lower statistical power than the MPTMS and the y?
tests and consistently identified less composition-heterogeneous sequences. In addition,
MPTS had more false positives in some analyses and the subsequent inference analyses of the
filtered data sets did not recover an improved topology in most cases. The analyses of
composition- and rate-heterogeneous data result in similar comparisons, with MPTS
performing poorly compared with the MPTMS. Indeed, the analyses presented in Chapter 111
demonstrated that rate-heterogeneous sequences are often difficult to identify using the MPTS
or the MPTIS and potentially diminishing an advantage that MPTS could have over the
MPTMS and 2 test, that is, identifying rate-heterogeneous sequences. Overall, these results
appear to align with previous findings suggesting that MPTMS exhibits greater statistical
power than MPTS, and the MPTIS the lowest (Naser-Khdour et al., 2019; Jermiin et al.,
2020).

Sites or loci often evolve under different constraints and therefore in analyses of
among-lineage heterogeneity it is recommended to conduct the matched-pairs tests on data
partitions that have evolved under the same evolutionary constraints (Jermiin et al., 2008).
This data partitioning enables a more precise characterisation of the conditions under which
the sites evolve. However, selecting the best partitioning criteria implies a trade-off between
the number of partitions and their size. More partitions but smaller size can make the tests
inefficient, while larger partitions increase the statistical power although it may not guarantee
a reliable characterisation of the heterogeneity among lineages if for instance sites that evolve
at different rates are analysed together (Jermiin et al., 2008). Partitioning the data according to
individual proteins was effective for the data analysed here, in particular when using the
MPTMS, since the subsequent analyses of the mitochondrial data filtered of composition-
heterogeneous sequences showed topological rearrangements identified as likely to be correct
(Chapter 111 and 1V). However, single-protein partitions may be too small for analyses
conducted using the MPTS, since the power of this test was lower than that in the MPTMS
analyses, resulting in fewer identified composition-heterogeneous sequences and an absence
of topological improvements. When using different the K-means and ModelFinder
partitioning criteria, trees inferred from the data sets filtered according to the MPTMS, and
one data set filtered using the MPTS, also exhibited topological rearrangements identified as
likely correct. These results demonstrate that these partitioning criteria are suitable for the
MPTMS and MPTS. Indeed, the MPTS appears to be more effective when using these
partitioning criteria. In the analyses of single-partitioned data the MPTMS and MPTS

demonstrated increased sensitivity since many sequences were identified as heterogeneous.
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Treating multiple partitions, especially those corresponding to different loci, as a single
partition inevitably joins loci together that evolved under distinct constraints thereby resulting
in the identification of many more sequences as heterogeneous. However, despite the MPTIS
showing an overall low sensitivity and consistently identifying few or no rate-heterogeneous
sequences, those identified and removed from the single-partitioned data resulted in the
inference of trees with topological improvements (Chapter I11). One criticism of matched-
pairs tests is their high statistical power enables the detection of small violations that may not
significantly impact phylogenetic analyses (Yang, 2014). Perhaps, in the case of the MPTIS,
unlike the MPTS and the MPTMS, due to its low statistical power only sequences with strong
rate-heterogeneity that can impact phylogenetic analyses are identified. Moreover, at a time
when data availability is often not a concern, excluding falsely identified tree-heterogeneous
sequences from the analysis may not be as detrimental to the result if there are still sufficient
data to obtain a robust phylogeny, which is the case when using the MPTIS. Nevertheless, the
interaction of different loci can lead to complex outcomes, and therefore their interpretations
should be approached carefully.

The matched-pairs tests and the 2 test used for identifying taxa that evolve under
among-lineage heterogeneity fell within a statistical multi-dimensional problem where the
statistical significance (p-values) for each pair-wise comparison had to be adjusted. Analyses
of simulated and empirical data in Chapter Ill using the Benjamini p-value correction
methods, particularly the Benjamini-Hochberg, revealed more false positives but identified
more among-lineage heterogeneous sequences than the Bonferroni and Holm methods,
thereby exhibiting greater statistical power. Furthermore, analyses of the data sets filtered
using the Benjamini-Hochberg method more often led to topological improvements regarding
the relationships among bryophytes and Archaeplastida than other p-value correction
methods. Consequently, the Benjamini-Hochberg p-value correction method is recommended
when using matched-pairs tests.

Contrary to traditional taxonomy of the land plants, the analyses presented here tend to
support the monophyly of the bryophytes with the clade Setaphyta uniting the mosses and
liverworts to the exclusion of hornworts. These phylogenetic inferences were obtained after
filtering tree-heterogeneous sequences (Chapter 11l and 1V) confirming the effect of
systematic bias in the analyses of the mitochondrial data sets when among-lineage
heterogeneity is ignored. Compositional heterogeneity among lineages in mitochondrial data
has been previously shown to bias the inference of the relationships among the bryophytes

(Liu et al., 2014; Sousa et al., 2019). Moreover, albeit less pronounced, the analyses of
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nuclear and chloroplast data in Chapter IV also indicated the effect of among-lineage
heterogeneity on the inference of bryophyte relationships most notably through variations of
node support. Conversely, the absence of changes in the relationships between land plants and
charophyte green algae in the trees resulting from three genomic data sets indicates that the
resolution of either Zynematophyceae or Charophyceae as sister-group to land plants is
unlikely due to a systematic bias caused by among-lineage heterogeneity (Chapter 1V). The
sister-group relationship between Zygnematophyceae and land plants found in nuclear and
chloroplast data sets analyses is congruent with the previous analyses of the nuclear and
chloroplast data (e.g., Timme et al., 2012; Wickett et al., 2014; Lemieux et al., 2016; Cheng
et al., 2019; Leebens-Mack et al., 2019). The analyses of the mitochondrial data, especially of
the combined data set, recovered Charophyceae as the sister-group to land plants without
indication of a biased result. This topology was congruent with analyses of the mitochondrial
data within previous studies (e.g., Turmel et al., 2007, 2013; Orton et al., 2020). However,
additional analyses performed in Chapter IV revealed conflicting signals across
mitochondrial data partitions. Trees inferred from more the slowly evolving sites (i.e. buried-
sites partition) and from some single-protein alignments recovered Zygnematophyceae as the
sister-group to land plants. Nevertheless, CAT model analyses of the combined data set
resulted in the inference of Charophyceae as the sister group of land plants, confirming that
the former result was not due to site-heterogeneous composition. If the incongruence with the
nuclear and chloroplast analyses found in mitochondrial analyses is due to systematic bias,
then the results imply that other biases than those examined in this study are likely
contributing factors to the placement of Charophyceae as the sister-group to land plants. On
the other hand, if the sister-group relationship of Charophyceae to land plants is a real
phylogenetic signal then the mitochondrial genome is evidently chimeric and not congruent
with the species tree as a whole. It is possible that the two conflicting signals do indeed result
from biological processes and might be indicative of horizontal gene transfer.

Data-specific substitution models had a better fit to the data than empirical models,
increasing the accuracy of the inferred protein-based phylogenies and reliableness of the
topology and branch lengths. Furthermore, with the availability of time-efficient software
capable of calculating accurate data-specific models, there is no longer any justification for
relying on empirical models in phylogenetic inference analyses. Indeed, the time needed to
calculate a model may be shorter than the time required to choose a model from among an
assortment of empirical models. In addition, the best-fitting empirical models may, or may

not, fit the data well. Data-specific models combined with extended models or with data
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partitioning or data exclusion strategies helped to reduce systematic bias. A particular
systematic bias analysed here was that caused by among-lineage heterogeneity, which was
shown to affect the relationships among Archaeplastida, land plants, and perhaps the inference
of the sister-group of Chordata. The MPTMS combined the Benjamini-Hochberg p-value
correction method was able to identify composition-heterogeneous sequences that were
biasing these relationships in standard phylogenetic analyses. By contrast, there was no
indication that the identification of the charophyte group most closely related to land plants
was biased by among-lineage heterogeneity, or other systematic biases caused by differing
substitution rates due to the structural position of amino-acid residues in the protein, or the
substitution rate among amino-acid sites in general. However, assuming incongruence of the
mitochondrial data analyses which placed Charophyceae as the sister-group to land plants,
rather than Zygnematophyceae, suggests that current models are not able to account for all
evolutionary substitution processes affecting the divergence of land plants from charophytes.
Obtaining the same phylogenetic tree from the analysis of the same data using several
different methods may indicate that the result is a correct representation of the species tree.
This congruence among analyses may be due to the data being decisive and the inference
easy. However, congruence amongst analyses may be because all the results are distorted in
the same way due to a specific systematic bias. The emergence of competing hypotheses is
usually also an indication that systematic bias inherent in the data. Consequently, both known
and unknown properties of the data should be considered and addressed as potential causes of
systematic bias if possible. Even if reconstructing a robust phylogeny seems straightforward,
one can have greater confidence that the solution is accurate after conducting a
comprehensive investigation of potential systematic biases. The analyses conducted in this
work illustrate the importance of applying strategies to mitigate the effect of systematic bias
inherited in the data. The accuracy of the inferred topologies was improved by using better-
fitting data-specific substitution models and methods to remove tree-heterogeneous data or

more accurately model variation in substitutions among sites.
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