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Abstract

Phylogenetics is the science of estimating relationships between different individuals or
groups using genetic sequence data. As phylogenetic analyses are attempting to reconstruct
evolutionary history using only a snapshot of data, models and assumptions about the
processes and patterns of evolution are applied. One assumption incorporated into many
phylogenetic methods is the treelikeness assumption, which states that each site in an
alignment shares an identical evolutionary history, which fits a single bifurcating tree.
However, treelikeness is violated by biological processes such as introgression, hybridisation,
and incomplete lineage sorting. This has the potential to reduce the accuracy of phylogenetic
inference, potentially resulting in inaccurate trees and impacting downstream analyses.

In Chapter One, | perform a comprehensive benchmarking of tests for treelikeness. Various
test statistics to quantify the treelikeness of an alignment have been proposed, but to my
knowledge there has been no systematic comparison of the behaviour of these tests under
controlled conditions with gradated treelikeness. | developed 2 simulation schemes: one to
assess the absolute adequacy of each test to detect changes in treelikeness, and one to assess
test performance under biologically feasible conditions. | also introduce a new test statistic
for quantifying treelikeness, which | call the tree proportion, along with a parametric
bootstrap to assess the statistical significance of test statistic results for empirical datasets. |
found three test statistics performed well when considering behaviour under both simulation
schemes, underlying methodology, and existing implementations: the § plot (Holland 2002),
site concordance factors (Minh 2020, Mo 2023) and my new test tree proportion. When
applying these three tests to empirical datasets | found that the null hypothesis of treelikeness
was rarely rejected, due in part to underlying construction of metrics and due to the increased
complexity moving from simulated to empirical multiple sequence alignments.

In Chapter Two, | explored the impacts of intra-locus recombination on phylogenetic tree
accuracy. Intra-locus recombination violates the treelikeness assumption, but is known to
occur frequently within empirical sequence alignments. | applied 3 existing tests for
recombination to each locus from 4 empirical sequence alignments, and constructed “clean”
subsets of loci for each alignment by excluding all putatively-recombinant loci. | then
compared trees estimated from the unfiltered dataset to trees estimated from the clean
subsets. In general, trees estimated from clean datasets using concatenation methods were
similar or identical to trees estimated from the unfiltered dataset, providing that there were
sufficient loci. However, under summary methods (also known as two step methods), |
identified several statistically significant and biologically meaningful differences between
trees estimated from the clean and unfiltered datasets.

In Chapter Three, | extend the treelikeness assumption by allowing a single multiple sequence
alignment to have multiple distinct evolutionary histories. The metazoan tree is an unsolved
viii



and contentious problem in phylogenetics. This chapter assesses whether a single tree is
adequate to represent the evolutionary history of the Metazoa. | used the Mixtures Across
Sites and Trees (MAST) model (Wong et al. 2024), a multitree mixture model which uses
mixtures of bifurcating trees with independent models of evolution to represent the
evolutionary histories within a dataset. | applied the MAST model with 4 classes of substitution
models to 14 empirical phylogenetic datasets previously used to estimate the relationships
between metazoan clades. | found that multi-tree models were overwhelmingly preferred
(46/54 analyses). These results suggest that using current phylogenetic models, a single
bifurcating tree is insufficient to describe the complex evolutionary history of Metazoa.

In Chapter Four, | extended my analyses from Chapter Three to investigate the causes of
conflicting signal within metazoan datasets using concordance factors. | took 12 datasets
previously used to estimate the metazoan phylogeny, and estimated species trees and gene
trees with a concatenated model, partitioned model, and C60 model. | then examined the
variation in phylogenetic signal using gene and quartet concordance factors. | found
substantial conflicting phylogenetic signal within the published empirical datasets. My results
suggest widespread incomplete lineage sorting contributes to the difficulty of resolving deep
nodes within the metazoan phylogeny.

Together, these chapters show the diverse impacts of the treelikeness assumption on
phylogenetic inference and suggest that treelikeness should be considered during
phylogenetic tree inference. This thesis presents methods to investigate and interpret the
treelikeness of any multiple sequence alignment, and suggests approaches for managing and
analysing non-treelike data.
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Introduction

Phylogenetics is the study of evolutionary history, with the aim of inferring evolutionary
relationships between groups of individuals or species (Delsuc et al. 2005; Jermiin et al. 2020).
Prior to the 20" century, organisms were categorised using morphology. The use of DNA
sequences to infer evolutionary relationships between taxa began in the late 20" century, but
these early molecular phylogenies were limited to a single locus and simple evolutionary
models. More recently, with the advent of next generation sequencing and increased
computational power, phylogenetic analyses are conducted using genome-scale data
(Philippe et al. 2005; Kapli et al. 2020).

[ Introduction to Phylogenetics

Historically, relationships between different species were determined using morphology.
Species with homologous traits were placed together within the hierarchy of organisms
(Rieppel 2020). In the 19th century, evolutionary trees were used to represent these
relationships (Ragan 2009). Darwin’s notebook contains perhaps the most famous example
(Figure 1a), a sketch representing the relationships as a branching tree (Darwin 1987; Ragan
2009). Another well-known example of an early tree was produced by Haeckel (1866) (Figure
1b), who used morphology to construct a genealogical tree of living organisms (Dayrat 2003).
In the 1950s and 1960s, biologists beginning to infer evolutionary relationships using
comparisons of genetic sequences (Crick 1958; Zuckerkandl and Pauling 1965; Fitch and
Margoliash 1967; Cobb 2017). The development of Sanger sequencing in the 1970s (Sanger
and Coulson 1975; Sanger et al. 1977) enabled accurate large-scale DNA sequencing and
dramatically increased the availability of genetic sequences (Heather and Chain 2016). In the
latter half of the twentieth century, a variety of methods for estimating molecular phylogenies
were developed including maximum likelihood, parsimony, pairwise sequence similarity, or
sequence compatibility methods (Edwards and Cavalli-Sforza 1963, 1964; Fitch and
Margoliash 1967; Le Quesne 1969; Felsenstein 1973, 1981, 1983, 1984; Chakraborty 1977).
These phylogenies were generally inferred from one locus (or very few loci), using simple
models of evolution (Fitch and Margoliash 1967; Woese and Fox 1977; Brown et al. 1982;
Doolittle and Feng 1987). Phylogenetic methods and sequencing technology continued to
develop throughout the late 20" century, and phylogenetic trees were established as an
important tool for studying evolution (Nei and Kumar 2001). Facilitated by the availability of
next generation sequencing and high performance computing (Philippe et al. 2005; Kapli et al.
2020), modern phylogenies are inferred from massive datasets containing hundreds or

thousands of taxa and thousands of loci (Leebens-Mack et al. 2019a; Kawahara et al. 2023;
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Stiller et al. 2024). The increasing amount of sequence data has resulted in the development
of probabilistic models of sequence evolution, and more robust statistical methods for

phylogenetic inference.
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Figure 1: Famous examples of evolutionary trees

a. “I think” from Darwin’s notebook (Darwin 1987, Notebook B, p. 36). Text reads: “I think [the]
case must be that one generation then should be as many living as now. To do this & to have
many species in same genus (as is) requires extinction. Thus between A & B immense gap of
relation. C & B the finest gradation, B & D rather greater distinction. Thus genera would be
formed. - bearing relation to ancient types with several extinct forms...” (Darwin 1987,
Notebook B, p. 36 - 37). Figure in public domain (Racconish / Public Domain / Wikimedia
Commons).

b. Monophyletischer Stammbaum der Organismen (monophyletic genealogical tree of
organisms) (Haeckel 1866, Vol. Il, Plate Il), depicting three clades of living organisms: Plants,
Animals, and Protista. Figure in public domain (Cmdrjameson / Public Domain / Wikimedia
Commons).
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A range of different phylogenetic methods have been developed. Broadly, these methods fall
into two classes: distance-based and character-based. Distance-based methods calculate the
genetic distance between every pair of taxa, then construct a tree from the resulting distance
matrix (Kapli et al. 2020). The most common distance method is Neighbor-Joining (Saitou and
Nei 1987) (>72,000 citations), which is available in multiple software programs including BioNJ
(Gascuel 1997), SplitsTree (Huson 1998; Huson and Bryant 2022), amd PAUP* (Swofford and
Sullivan 2003; Swofford 2019). Character-based methods infer phylogenies by comparing the
character states for all sequences within the alignment at individual sites (nucleotides or amino
acid residues) (Yang and Rannala 2012). Commonly used character-based methods include
maximum parsimony, maximum likelihood, and Bayesian inference. Maximum parsimony is a
mathematically simple and computationally efficient method of tree estimation, which infers a
tree that minimises the total number of state changes required to explain the alignment
(Felsenstein 1983). Multiple software programs are available to infer trees with maximum
parsimony, including MPBoot (Hoang et al. 2018b), PAUP* (Swofford and Sullivan 2003;
Swofford 2019), and UShER (Turakhia et al. 2021). Maximum likelihood and Bayesian
inference differ from maximum parsimony, as the former methods apply both an explicit model

of evolution and a likelihood function.

Maximum likelihood tree reconstruction methods were developed in the early 1980s
(Felsenstein 1981). Today, maximum likelihood is commonly used to infer trees in empirical
phylogenetic studies (Cunha et al. 2022; Kawahara et al. 2023; Sanderson et al. 2023; Wolfe
etal. 2023; Stiller et al. 2024). Maximum likelihood methods use a model of sequence evolution
and a likelihood function to infer the tree that maximises the likelihood (Yang and Rannala
2012; Kapli et al. 2020). This has two steps: performing tree search to find the maximum
likelihood tree, and optimising the branch lengths (Yang and Rannala 2012). The most
commonly used software for maximum likelihood tree inference are 1Q-TREE (Nguyen et al.
2015; Minh et al. 2020b) and RAXML (Stamatakis 2014; Kozlov et al. 2019) with >25K and
>30K citations respectively. Other programs include PAML (Yang 2007), PAUP* (Swofford
2019), PhyML (Guindon et al. 2010) and FastTree (Price et al. 2010) (the latter of which infers

approximately-maximume-likelihood trees).

Bayesian inference methods were developed in the late 1990s (Rannala and Yang 1996).
Rather than estimating a single tree, Bayesian methods use information from a prior and the
likelihood function to create a posterior distribution of parameters that are plausible under the
model for the data (Rannala and Yang 2017). Use of a prior allows researchers to include
known information for the tree and model (Yang and Rannala 2012). The posterior distribution

contains a set of trees, each with an associated posterior probability. This distribution of trees
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is a benefit of Bayesian analyses, compared to the point estimate inferred by maximum
likelihood analyses. A distribution of trees is hard to analyse so generally the posterior
distribution of trees is summarised in some way for publication, such as reporting the tree with
the highest probability or the set of trees whose probability sums to a threshold (e.g., 90% or
95%) (Cranston and Rannala 2007). Bayesian inference is commonly used to infer trees from
empirical phylogenetic datasets (Simion et al. 2017a; Laumer et al. 2018a, 2019a; Cunha et
al. 2022; Stiller et al. 2024). Software for Bayesian inference include MrBayes (Huelsenbeck
and Ronquist 2001; Ronquist et al. 2012), RevBayes (H6hna et al. 2016), BEAST (Bouckaert
et al. 2019), and PhyloBayes (Lartillot et al. 2009; Lartillot 2020a). Bayesian inference
programs are frequently used and highly cited, with >50K citations for MrBayes and >20K
citations for BEAST. An advantage of Bayesian methods is that they allow complex site
heterogeneous models of evolution (Yang and Rannala 2012; Kapli et al. 2020). The main
weaknesses of Bayesian inference are the computational and time requirements. Bayesian
methods are extremely computationally intensive, and are often computationally intractable for

genome-scale datasets (Yang and Rannala 2012).

Both maximum likelihood and Bayesian method use substitution models to estimate the
evolutionary history of a given alignment. A range of different models of DNA and protein
sequence evolution have been developed for tree estimation. Most commonly used models of
sequence evolution contain a number of components: a substitution rate matrix Q, a frequency
vector, and the distribution of rates heterogeneity across sites (Kalyaanamoorthy et al. 2017).
The rate matrix described is an n by n matrix describing the probability of changing from one
nucleotide or amino acid to another in a particular time period. The frequency vector describes
the frequencies of each character state in the alignment. Finally, the distribution of rate
heterogeneity across sites is a model describing the relative rate of evolution for different sites
in the alignment (Sullivan and Joyce 2005). In general, the model for a given alignment is
selected by applying a program such as ModelFinder (Kalyaanamoorthy et al. 2017) or
ModelTest-NG (Darriba et al. 2020) to estimate the best option for each of these model

components.

The simplest DNA rate matrix is the Jukes-Cantor model (Jukes and Cantor 1969), which has
equal substitution rates between all nucleotides and equal frequencies of each nucleotide.
Other models were developed to accommodate the biological processes of sequence
evolution. For example, transition mutations are more likely to occur than transversions, and
the K80 model (Kimura 1980) models this with equal base frequencies but different rates for
transitions and transversions. Similarly, Felsenstein (1981) kept all substitution rates equal but

accommodated the biochemical processes of nucleotides by allowing for uneven base
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frequencies. Each DNA substitution matrix contains 6 substitution rates and 4 nucleotide
frequencies, and a variety of DNA substitution models with different Q matrices and frequency
vectors exist such as HKY85 (Hasegawa et al. 1985), TN93 (Tamura and Nei 1993) or SYM
(Zharkikh 1994). The most general DNA substitution model is the general time reversible
(GTR) model (Tavaré 1986), which permits different rates of substitution for each pair of
nucleotides and different frequencies for each nucleotide. More complicated DNA models have
been developed to accommodate heterogeneity in evolutionary processes. Mixture models
accommodate heterogeneity by including multiple classes, and the likelihood at each site is
calculated as a weighted sum across the classes (Pagel and Meade 2005). For example, the
GHOST model (Crotty et al. 2020) accommodates rate variation by including multiple classes

which each have a set of model parameters and branch lengths.

Protein Q matrices are similar to DNA Q matrices, but include a substitution rate for each pair
of the 20 amino acids (Arenas 2015). The simplest protein Q matrix is the Bishop-Friday model,
which assumes all substitution rates are equal and all amino acid residue frequencies are
equal (Bishop et al. 1987, 1997). Many protein models are determined using large empirical
protein datasets, including the Dayhoff (Dayhoff et al. 1978; Kosiol and Goldman 2005) and
WAG (Whelan and Goldman 2001) models. Models are available for specific parts of the
genome such as the mitochondrial genome (Le et al. 2017) or for specific clades such as plants
(Minh et al. 2021), insects (Minh et al. 2021) or viruses (Dimmic et al. 2002; Nickle et al. 2007;
Dang et al. 2010). Custom empirical amino acid substitutions can be estimated from protein
alignments using QMaker (Minh et al. 2021). Other protein models account for protein
structural constraints and the physicochemical properties of amino acids (Braun 2018; Chi et
al. 2018). Protein mixture models contain multiple Q matrices to better mimic protein evolution.
For example, the EX2 model (Le et al. 2008b) contains two Q matrices: one for exposed amino
acid residues, and one for buried residues. Other protein mixture models which model amino
acid residues in different environments include the EX3 and EHO models (Le et al. 2008b).
Other mixture models accommodate differences in substitution rate across sites, such as the
four-matrix mixture models LG4M and LG4X which have different Q matrices for sites that
evolve at different rates (Le et al. 2012). Profile mixture models assume that there are distinct
classes of sites that differ in state frequency (Bafios et al. 2024). The most well-known profile
mixture model is the CAT model (Lartillot and Philippe 2004), which uses mixtures of stationary
probability classes to account for different evolutionary pressures in different biochemical
environments. The CAT model is applied during Bayesian inference with a Markov Chain
Monte Carlo framework, which simultaneously infers the number of frequency vectors, the

frequency vectors, the site classes, the tree, and the branch lengths (Lartillot and Philippe
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2004). The CAT model requires an alignment large enough to characterise patterns of
homogeneity, but small enough that convergence is reached (Le et al. 2008a; Bafios et al.
2024). The C10-C60 models are variants of the CAT model developed for maximum likelihood

inference, where each model is a mixture of precomputed frequency profiles (Le et al. 2008a).

Some models of substitution explicitly account for rate heterogeneity across sites (RHAS),
such as the GHOST model mentioned above (Crotty et al. 2020). Rate heterogeneity can also
be added to a Q matrix model such as the nucleotide GTR model or the amino acid GTR20
model. The most commonly used models of RHAS are the invariant sites model (Hasegawa
et al. 1985), the discrete gamma model (Yang 1994), and the free rate model (Yang 1995;
Soubrier et al. 2012). The invariant site model assumes that a portion of the sites in the
alignment do not change (Hasegawa et al. 1985). The discrete gamma model uses a set
number of categories to approximate a gamma distribution of rates, allowing sites to evolve at
different rates (Yang 1994). The invariant site model and the discrete gamma model can be
combined to model both a portion of invariant sites and different rates for the variable sites (Gu
et al. 1995). The free rate model also estimates a number of categories with different
substitution rates, but relaxes the assumption that the rates must fit a gamma distribution
(Yang 1995; Soubrier et al. 2012).

Molecular phylogenetics studies take genetic samples at the end point of a process, and
attempt to infer the process that occurred. Box (1979) famously states “All models are wrong,
but some models are useful’. It is impossible to create a model that fully captures the
evolutionary history of a group using genetic sequences. As a result, there are a number of

errors that can impact the accuracy of tree inference.

I Systematic Bias in Phylogenetic Methods

Phylogenetic models cannot capture the full complexity and stochasticity of biological
processes. Instead, phylogenetic models aim to capture the most important aspects of the
evolutionary process (Kelchner and Thomas 2007; Brown and Thomson 2018). While
stochastic error can be mitigated by increasing the size of datasets (Rokas and Carroll 2005),
systematic error occurs due to the limitations of current phylogenetic methods to resolve
ancestral relationships (Philippe et al. 2005; Steenwyk et al. 2023). Systematic bias can be
introduced by analytical factors such as taxon sampling, site/gene filtering, ortholog
misidentification, alignment error, and model misspecification (Rokas and Carroll 2005;
Philippe et al. 2011b; Tan et al. 2015; Molloy and Warnow 2018; Redmond and McLysaght
2021a; McCarthy et al. 2023).
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In a maximum likelihood framework, increasing the complexity of phylogenetic models by
incorporating more parameters introduces a cost — the variance associated with those
parameters will increase, and consequently a more complex model is not always better
(Burnham and Anderson 2002; Kelchner and Thomas 2007). A wide range of substitution
models have been developed for both DNA and amino acid datasets, with each model
designed to capture aspects of the evolutionary process that impact tree inference. Generally,
the model of evolution for a particular dataset is determined by testing the fit of hundreds or
even thousands of models, before selecting the model that has the best relative fit according
to a certain statistical test (Kelchner and Thomas 2007; Jermiin et al. 2020). These algorithms
are unable to pick the best model if it is not included in the list of models to test, in which case
the model assumptions will be violated by the evolutionary history of the dataset (Jermiin et al.
2020). Many software programs have been developed to assess model fit such as
MODELTEST (Posada and Crandall 1998), jModelTest (Darriba et al. 2012), ModelFinder
(Kalyaanamoorthy et al. 2017), PartitionFinder (Lanfear et al. 2017), and ModelTeller (Abadi
et al. 2020). These programs generally apply statistical tests to assess relative model fit,
commonly the Akaike information criterion (AIC) (Akaike 1974), the Akaike information criterion
with correction for small sample size (AlICc) (Sugiura 1978; Hurvich and Tsai 1989), or the
Bayesian information criterion (BIC) (Schwarz 1978). Most model selection does not include a
goodness-of-fit test, and consequently the best-performing model is not guaranteed to have
adequate fit (Gatesy 2007).

Allowing the data to reject the model is a vital step of data analysis and phylogenetics
(Goldman 1993). An ideal phylogenetic method will include a goodness-of-fit test to allow the
data to reject the model (Penny 1982; Goldman 1993). A number of methods have been
developed to test the adequacy of substitution models and the adequacy of inferred trees.
However, these approaches are rarely included when estimating phylogenetics from empirical

datasets (Brown and Thomson 2018; Jermiin et al. 2020).

All sequence models contain assumptions about the process of evolution. The first general
test for model adequacy in phylogenetics was developed by Goldman (1993), and
simultaneously tests the model of sequence evolution and all other assumptions of the
phylogenetic method to determine whether that model is an adequate fit for the data. Since
then, other tests for model adequacy have been developed to test different aspects of
phylogenetic models. Model adequacy tests are available for Bayesian inference, such as the
tests developed by Brown and EIDabaje (2009) and Brown (2014) allow researchers to test
the plausibility of Bayesian models. Many model adequacy tests are available to test the

assumptions underlying maximum likelihood tree inference. The SRH assumptions (stationary,
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reversible and homogeneous assumptions) are included in many substitution models. The
SRH assumptions state that the frequencies of the character states are constant throughout
the tree (stationary), that the substitution rates are identical throughout a branch
(homogeneous), and that substitution rates are identical for forward and backward mutations
(reversible). The adequacy of the SRH assumptions can be assessed using the matched-pairs
tests of homogeneity (Ababneh et al. 2006; Naser-Khdour et al. 2019) or SeqVis (Ho et al.
2006). Other tests assess individual components of the SRH assumptions individually (Kumar
and Gadagkar 2001; Duchéne et al. 2017). Applying testing model adequacy and phylogenetic
assumptions can inform choice of model for phylogenetic inference. For example, the GHOST
model models sequences that evolved heterogeneously by incorporating a mixture of trees
and a mixture of models (Crotty et al. 2020). Sequences that evolved non-reversibly would
benefit from non-reversible models such as the Lie-Markov models for nucleotide sequences
(Woodhams et al. 2015) or the models developed in nQMaker for amino acid sequences (Dang
et al. 2022).

Goodness-of-fit tests have also been developed to assess the adequacy of inferred
phylogenetic trees. Different topology tests such as the KH, SH, and approximately unbiased
tests have been developed to compare multiple trees (Hasegawa and Kishino 1989; Kishino
and Hasegawa 1989; Shimodaira and Hasegawa 1999; Shimodaira 2002). The most
commonly applied is the approximately unbiased (AU) test (Shimodaira 2002), which
compares a tree to a dataset to test the hypothesis that the data could come from that tree.
The AU test assumes that the evolutionary history of the alignment is a single tree. This
approach does not incorporate horizontal inheritance or allow gene histories to vary. The
Quartet Network goodness-of-fit test was developed to test the absolute fit of a species
network to the multispecies network coalescent (MSNC), which determines whether a
candidate network adequately explains observed quartet frequencies (Stenz et al. 2015; Cai
and Ané 2021). As trees are networks without reticulate branches, this test can also be applied
to test the adequacy of any tree under the multispecies coalescent (MSC). This allows the
comparison of multiple candidate networks to a single dataset, facilitating investigation into the

placement and timing of reticulation events.

One assumption included in many sequence and tree models is the treelikeness assumption.
Although purely treelike evolution is likely to be extremely rare, the treelikeness assumption is
incorporated into many phylogenetic methods. In this thesis, | explore the treelikeness
assumption from four directions and determine how violation of the treelikeness assumption

impacts tree inference.
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iii  The Treelikeness Assumption

Many phylogenetic methods assume that every site in an alignment shares an identical
evolutionary history that fits a single bifurcating tree. This is called the treelikeness assumption.
The treelikeness assumption is violated by biological processes such as introgression,
hybridisation, horizontal gene transfer and incomplete lineage sorting. Treelikeness may also
be disrupted by analytical processes, such as alignment error, site filtering, or model
misspecification. When these processes are not considered in phylogenetic methods, the

accuracy of the estimated phylogenetic tree may be decreased.

The treelikeness assumption is incorporated into many phylogenetic methods. The
treelikeness assumption is built into concatenation methods, where each gene in an alignment
is concatenated into a single supermatrix. This ignores any underlying heterogeneity between
and within genes that arises due to biological evolutionary processes and could decrease tree
accuracy (Bryant and Hahn 2020). Concatenated maximum likelihood methods are
inconsistent when genes have conflicting evolutionary histories, and when species trees have
closely spaced divergences (Kubatko and Degnan 2007; Roch and Steel 2015; Mendes and
Hahn 2018).

Coalescent methods, which include Bayesian methods and some summary methods (also
known as two-step or gene tree/species tree methods), allow the evolutionary history of each
gene to vary independently according to a specified model of population genetics. However,
these methods generally assume that the evolutionary history of each locus is treelike.
Empirical studies have shown that evolutionary history can vary within a gene, with different
exons from the same gene having different evolutionary histories (Mendes and Hahn 2016;
Scornavacca and Galtier 2017; Mendes et al. 2019). Smith et al. (2020) analysed genes from
13 empirical datasets covering a broad range of clades and found that 0.6 — 100% of genes
contained intragenic conflict. Including genes with multiple underling evolutionary histories
violates the assumptions of the coalescent and has previously been termed
“concatalescence”, a term which describes the hybrid method of using concatenated genes
with a coalescent tree estimation method (Gatesy and Springer 2013; Springer and Gatesy
2016). As previous studies indicate that many loci used for coalescent tree estimation violate
the treelikeness assumption (Smith et al. 2020), the accuracy of coalescent tree inference may

be negatively impacted.

Some modern phylogenetic methods directly allow a single sequence alignment to have

multiple underlying evolutionary histories. Bayesian methods that include the multispecies
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coalescent allow genes to have different evolutionary histories. The multispecies coalescent
(MSC) is a stochastic model that describes the genealogical history of sequences within a
population being traced backwards through time (Rannala et al. 2020). Methods such as
StarBEAST (Ogilvie et al. 2017; Douglas et al. 2022) and BPP (Flouri et al. 2018) include the
MSC, which allows the evolutionary history of different genes to vary, and explicitly
accommodates coalescent processes such as incomplete lineage sorting. One critique of the
MSC is that it assumes an individual locus is non-recombining, so analysing genes (which can
span vast regions of the genome) violates the model assumption (Gatesy and Springer 2013;
Springer and Gatesy 2016). Simulation studies suggest that recombination impacts tree
inference when the level of incomplete lineage sorting is high (Lanier and Knowles 2012). The
levels of recombination and incomplete lineage sorting within a dataset should be considered

before applying these methods.

Phylogenetic networks extend trees by allowing for reticulate evolutionary events including
recombination, hybridisation, gene duplication or horizontal gene transfer (HGT). There are
multiple types of phylogenetic networks, all designed to identify and represent conflicting
phylogenetic signals. Split networks such as Neighbor-Net (Bryant and Moulton 2004) or split
decomposition (Bandelt and Dress 1992; Dopazo et al. 1993) don’t explicitly represent the
evolutionary history of a set of taxa, but instead represent incompatible or ambiguous signals
(Huson 1998; Huson and Bryant 2006). Alternatively, reticulate networks such as hybridisation
or recombination networks explicitly represent the evolutionary history of a group, including
reticulate events such as hybridisation, HGT, or introgression (Huson and Bryant 2006).
Multiple programs have been developed to infer reticulate networks, including the maximum
likelihood method NetRAX (Lutteropp et al. 2022), and the MSNC methods SNaQ (Solis-
Lemus and Ané 2016; Solis-Lemus et al. 2017) and NANUQ (Allman et al. 2019). Phylogenetic
networks are a common way to estimate, interpret or communicate conflicting signals within
an alignment. However, many network methods are limited to small humbers of taxa due to

the computational demands of network inference (Blair and Ané 2020).

Another recently-developed method is the Mixtures Across Sites and Trees (MAST) model,
which specifically relaxes the treelikeness assumption by modelling the underlying
evolutionary history of a group as a mixture of 2 or more bifurcating trees (Wong et al. 2024).
Each tree in the mixture has an independent topology. Other parameters such as branch
lengths, substitution model, model of rate heterogeneity, or state frequency may be unlinked
and therefore separate for each tree, or linked between trees (Wong et al. 2024). MAST differs
from explicit phylogenetic networks as the mixture of trees approach is agnostic to the cause

or pattern of conflicting phylogenetic signal, and thus is able to represent almost any biological
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process or analytical error that reduces treelikeness. MAST therefore facilitates concatenated

analysis of sequence alignments with reticulate evolutionary histories.

Most phylogenetic analyses are performed to identify the primary tree, which represents the
evolutionary history of the majority of the sites within a multiple sequence alignment (Baum,
2007). These phylogenetic datasets often have complicated evolutionary histories. However,
current phylogenetic methods incorporate the treelikeness assumption, so applying these
models to phylogenetic datasets may result in incorrect or misleading estimates of
phylogenetic trees. Therefore, identifying the primary tree of a multiple sequence alignment is
more complicated than estimating the phylogenetic tree using existing methods. We need to
understand the extent to which violation of the treelikeness assumption impacts tree

estimation, and we need methods that can handle non-treelike data.

v The Animal Tree of Life

The group of all animals, the Metazoa, consists of five clades: Porifera, Ctenophora, Placozoa,
Cnidaria, and Bilateria. Sponges are grouped into the clade Porifera, which has traditionally
been considered the oldest and structurally simplest Animal clade (Borchiellini et al. 2000,
2008). Ctenophora contains the comb jellies, which are free-living marine organisms with
diverse morphology (Jékely et al. 2015). Placozoa is a small clade of tiny multicellular marine
animals (Schierwater et al. 2021). Cnidaria comprises aquatic animals such as jellyfish, sea
anemones and corals (Kayal et al. 2013). Finally, Bilateria include all animals that have
bilateral symmetry during embryonic development, such as vertebrates, arthropods and
molluscs (Dunn et al. 2014). The Metazoa is an ancient clade estimated to be 650 — 800 million
years old (dos Reis et al. 2015; Erwin 2015). During the Ediacaran or Cambrian era, the
metazoan clade underwent a rapid radiation, resulting in a dramatic expansion in the number
of species and body plans seen in the fossil record (Budd 2008; Erwin et al. 2011; dos Reis et
al. 2015).
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Figure 2: Different hypotheses for the relationships among the major groups of Metazoa

Each tree represents a single hypotheses of animal evolution. Each hypothesis is presented
with a selection of published papers (not an exhaustive list) which include a phylogenetic tree
supporting that hypothesis. When a paper included phylogenetic trees supporting different
hypotheses of evolution, that paper was listed under each topology.

a. Porifera diverges first (Haeckel 1872; Wainright et al. 1993; Collins 1998; Philippe et al. 2009,
2011b; Pick et al. 2010; Nosenko et al. 2013a; Pisani et al. 2015; Feuda et al. 2017a; Simion et al.
2017a; Kapli and Telford 2020; Redmond and McLysaght 2021a; Szanth¢ et al. 2023).

b. Ctenophora diverges first (Dunn et al. 2008; Hejnol et al. 2009; Nosenko et al. 2013a; Ryan et
al. 2013; Moroz et al. 2014; Borowiec et al. 2015; Chang et al. 2015; Whelan et al. 2015b, 2017a;
Arcila et al. 2017; Feuda et al. 2017a; Shen et al. 2017; Whelan and Halanych 2017; Laumer et
al. 2018a, 2019a; Pandey and Braun 2020; Li et al. 2021; Schultz et al. 2023).

c. A monophyletic clade consisting of Porifera and Ctenophora diverges first (Francis and
Canfield 2020; Pandey and Braun 2020).

d. Porifera diverges before all other animals, and Cnidaria and Ctenophora form a
monophyletic clade named Coelenterata (Philippe et al. 2009; Nosenko et al. 2013a; Whelan
and Halanych 2017).

The question of which metazoan clade diverged first, before all other animals, is of particular
interest (Figure 2). Historically, the sponge clade Porifera was considered the sister group to
all other metazoans based on morphological analyses and early molecular studies (Haeckel
1866; Wainright et al. 1993; Collins 1998; Reynolds 2019). However, later phylogenetic
analyses identified the comb jelly clade, Ctenophora, as the sister to all other metazoans (Dunn
et al. 2008; Hejnol et al. 2009). Studies have since found support for a range of groups as the
sister to all other metazoan clades, including Porifera (Pisani et al. 2015; Arcila et al. 2017,
Simion et al. 2017a; Redmond and McLysaght 2021a); Ctenophora (Ryan et al. 2013; Moroz
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et al. 2014; Borowiec et al. 2015; Shen et al. 2017); and a monophyletic clade of Porifera and
Ctenophora (Shen et al. 2017; Francis and Canfield 2020). The uncertainty around the
metazoan phylogeny is ongoing and impacts other fields such as medical research, as it limits
understanding of the evolution of complex traits like nervous or digestive systems (Philippe et
al. 2009; King and Rokas 2017).

Multiple factors in the evolutionary history of metazoans contribute to the difficulty of resolving
their phylogenetic history. First, the metazoan clade underwent a rapid radiation, resulting in
short branches at the base of the tree. These short branches result in discordant evolutionary
histories between genes, due to evolutionary processes such as incomplete lineage sorting,
hybridisation, and introgression (King and Rokas 2017; Pandey and Braun 2021). Second, the
metazoan clades diverged over 500 million years ago. Therefore, metazoan taxa are distantly
related, reducing the available number of shared orthologous loci between taxa (Pett et al.
2019; McCarthy et al. 2023). Third, the deep timescales involved when examining relationships

between metazoan clades complicates tree inference.

The deep divergence time of the metazoan root results in differences between taxa in
substitution rate and GC content (Gouy et al. 2015; King and Rokas 2017). Biases in GC
content have been shown to impact tree accuracy (Romiguier et al. 2013; Shen et al. 2016;
Romiguier and Roux 2017; Rousselle et al. 2018). If models that don’t allow for heterogeneous
base frequencies are used on datasets with GC bias, unrelated taxa with similar base
frequencies will be incorrectly placed together (Phillips et al. 2004). Heterogeneous
substitution rates can result in long branch attraction due to mutational saturation (Lartillot et
al. 2007; Kapli et al. 2020). Two lineages with naturally high substitution rates will appear to
be closely related as they have similar characters at each site, but this shared similarity is not
due to a shared common ancestor. Most phylogenetic methods will identify the convergent
signal as homologous, resulting in a tree with the fast-evolving species incorrectly placed
closely together (Lartillot et al. 2007; Simion et al. 2020). As the branch leading to the outgroup
is generally long, species with high substitution rates can be pulled towards the root of the tree
(Philippe and Laurent 1998). The branch leading to the Ctenophore clade is long compared to
other branches within the metazoan tree due to the high substitution rate of the Ctenophora
genome (Kohn et al. 2012; Wang and Cheng 2019), which could lead to long branch attraction
and erroneously pull the Ctenophore clade towards the root of the tree (Pisani et al. 2015;
Kapli and Telford 2020).

There is substantial conflicting signal present within metazoan phylogenetic datasets. Shen et
al. (2017) investigated 8 phylogenetic datasets used to estimate the metazoan tree, and found
13
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that that 42.5 — 69.7% of genes and 39.8 — 59.6% of sites supported Ctenophora as sister to
all other metazoan clades, with the rest supporting either Porifera or a monophyletic clade of
Ctenophora and Porifera as the sister group to all other metazoan clades. This could explain
why model choice has been shown to impact metazoan tree topology, with partitioned site-
homogeneous models supporting Ctenophora-sister (Ryan et al. 2013; Moroz et al. 2014;
Whelan et al. 2015b, 2017a), and site-heterogeneous models (e.g. the CAT model) supporting
Porifera-sister (Pisani et al. 2015; Feuda et al. 2017a; Simion et al. 2017a). Previous studies
have found that filtering sites and genes also impacts the topology of the metazoan tree.
Francis and Canfield (2020) showed that removing the 1.7% of sites strongly supporting either
the Ctenophora-sister or the Porifera-sister hypothesis resulted in a highly-supported tree with
a monophyletic clade of Ctenophora and Porifera as the sister to all other metazoans. Nosenko
et al. (2013a) found that varying gene sampling and choice of outgroup resulted in differing but
well-supported topologies. Finally, McCarthy et al. (2023) examined 5 matrices that had
previously been used to estimate the metazoan tree, and found that in 2/5 cases the sister to
all metazoans changed after removing loci with insufficient evidence for orthology. These
results demonstrate that minor analytical changes can bias the resulting metazoan tree
topology, suggesting the presence of non-treelike data either due to a complex evolutionary
history (e.qg., reticulate evolution, homoplasy, or incomplete lineage sorting) or systematic bias

(e.g., model misspecification).

In this thesis, | use the Metazoa as a case study. | selected the Metazoa because this clade
has an interesting evolutionary history and unresolved phylogeny. Metazoan phylogenetic
studies are good examples of typical approaches to tree inference. First, the metazoan tree
has been investigated many times, leading to a wealth of published datasets available for
reanalysis (see Figure 2). The breadth of phylogenetic studies that have inferred the metazoan
tree allows me to compare my results to previous studies assessing systematic bias on the
same clade, and to contextualise the results of my analyses. Second, metazoan datasets are
a similar size to many empirical phylogenetic datasets, with comparable numbers of taxa, sites,
and loci. This will ensure that any methods | develop are sufficient for datasets being used for
phylogenetic inference. Third, multiple studies have identified substantial heterogeneous
signal within metazoan datasets (Arcila etal. 2017; Shen et al. 2017; Redmond and McLysaght
2021a; Szantho et al. 2023). This heterogeneous signal clearly violates the treelikeness
assumption, making the Metazoa a good candidate to explore methods to quantify, manage,

and mitigate treelikeness.
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\Y; Motivation and aims

In this thesis, | aim to reduce the systematic bias associated with estimating phylogenetic trees
from non-treelike data by developing new approaches to quantify and manage non-treelike
data. In particular, | focus on systematic bias within the metazoan tree of life and determine
the impact of non-treelike data on tree topology within this clade. In addition, | propose
recommendations for estimating accurate phylogenetic trees from empirical datasets, which
are likely to contain some level of non-treelike evolutionary history due to the complex and

stochastic processes of evolution.

In Chapter One, | present a new test designed specifically to quantify the treelikeness of any
sequence alignment. The new test, called the tree proportion, represents the extent to which
the evolutionary history of a given sequence alignment can be explained by a single bifurcating
tree. The tree proportion is calculated by determining the extent to which a single maximum
spanning tree can capture the information present in a single split network. A split is a
bipartition of a set of taxa, and a split network is an implicit representation of evolution used to
represent conflicting phylogenetic signal within a dataset (where parallel edges are used to
represent splits computed from the data) (Huson and Bryant 2006). Given any split network, a
maximum spanning tree is the tree with the largest (maximum) sum of branch weights. A tree
proportion value of 1 indicates that an alignment is perfectly treelike (i.e., every split in the split
network is present in the maximum spanning tree), and the tree proportion will decrease as
the treelikeness of an alignment decreases. | also present a parametric bootstrap for use which
can be used to statistically test the null hypothesis of treelikeness for any empirical alignment.
In addition to presenting a new test for treelikeness, | perform a comprehensive benchmarking
of 7 existing tests for treelikeness plus the newly proposed tree proportion. There are a variety
of published tests for treelikeness with different underlying approaches, but some have
inconsistent performance or have low power, and none have become widely adopted. In
addition, there is a lack of benchmarking to compare the performance of each test. To
systematically vary the treelikeness of simulated alignments, | present two simulation
schemes: one with dramatically reduced treelikeness caused by increasing the number of
randomly generated evolutionary histories present within a single alignment, and one designed
to mimic biological processes by incorporating a single introgression event into each
alignment. | show that three metrics performed adequately as metrics for treelikeness under a
range of scenarios: the tree proportion, § plots, and site concordance factors. This chapter
includes examples quantifying the treelikeness of simulated and empirical alignments, and

demonstrates how to apply and interpret tests for treelikeness.
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In Chapter Two, | investigate the impact of filtering recombinant loci on species tree accuracy
for 4 empirical phylogenetic datasets. Recombination violates the treelikeness assumption and
therefore has the potential to reduce species tree accuracy. My study was designed to check
whether species tree topology does change when recombinant genes are included or removed
from empirical phylogenetic datasets, and assess the frequency and extent of topological
changes. To do this, | selected 4 empirical phylogenetic datasets and 3 tests for recombination.
The four datasets all contain loci consisting of concatenated exons, and were selected to
include both shallow and deep datasets from both animals and plants: tomatoes (Pease et al.
2016a), primates (Vanderpool et al. 2020b), green plants (Leebens-Mack et al. 2019a), and
metazoans (Whelan et al. 2017a). The three tests for recombination have been highly cited,
previously validated, and have different theoretical approaches: the maximum chi-squared
method (MaxChi) (Maynard Smith 1992), GENECONYV (Sawyer 1989, 2000), and the Pairwise
Homoplasy Index (PHI) (Bruen et al. 2006). For each combination of dataset and test for
recombination, | grouped the loci into two subsets: loci identified as putatively recombinant by
that test, and loci not identified as putatively recombinant by that test. | then estimated both a
maximum likelihood tree in IQ-TREE (Minh et al. 2020b) and a two-step tree in ASTRAL
(Mirarab et al. 2014; Zhang et al. 2018b). In general, the impact of excluding loci with evidence
of recombination on species tree topology is small. However, in some specific cases exclusion
of putatively recombinant loci results in biologically and statistically significant differences in

tree topology.

In Chapter Three, | relax the treelikeness assumption and allow a single phylogenetic dataset
to have multiple underlying evolutionary histories by applying the Mixtures Across Sites and
Trees (MAST) model. This study is designed to assess the adequacy of a single-tree model in
the complex and often-contested phylogeny of all animals. First, | assess the consistency of
tree topology under a single-tree model by estimating 364 trees from each combination of 26
models of sequence evolution and 14 empirical metazoan phylogenetic datasets. | then apply
the MAST method to the same 14 datasets to relax the assumption of treelikeness. The MAST
method (Wong et al. 2024) uses a mixture of bifurcating trees to represent multiple evolutionary
histories for a single concatenated alignment. | defined two MAST analyses: the 2-tree and the
5-tree model. The 2-tree model contains two hypotheses of metazoan evolution: Ctenophora-
sister (i.e., Ctenophora as the first clade to diverge) (Figure 3a) or Porifera-sister (Figure 3b).
The 5-tree model contains 5 hypotheses of evolution: Ctenophora-sister (Figure 3a); Porifera-
sister (Figure 3b); a monophyletic clade consisting of Ctenophora and Porifera as sister to all
other animals (Figure 3c); Ctenophora-sister with paraphyletic Porifera (Figure 3d); and

Porifera-sister with paraphyletic Porifera (Figure 3e). | find that the multi-tree model is
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overwhelmingly preferred over the single-tree model, and propose that a single tree is

inadequate to represent the evolutionary history of the Metazoa.

a b.
Bilateria Bilateria
Cnidaria Cnidaria
Ctenophora
Ctenophora
Outgroup QOutgroup
c d.
Bilateria _:CB:‘I’Iﬁggpiaa
—Cnidaria | —
—Ctenophora
—
|
Ctenophora
Outgroup Outgroup
e.

Bilateria
_:Cnidaria
- Ctenophora

Qutgroup

Figure 3: The five different hypotheses for the relationships among the major groups of
Metazoa analysed within this thesis.

a. Ctenophora diverges before all other animals.
b. Porifera diverges before all other animals.

c. A monophyletic clade consisting of Ctenophora and Porifera diverges before all other
animals.

d. Ctenophora diverges before all other animals. Porifera is paraphyletic. The Porifera clades
Homoscleromorpha and Calcarea form a monophyletic clade, which diverges before the
monophyletic clade consisting of the Porifera clades Demospongiae and Hexactinellida.

e. Porifera is paraphyletic, with one of two Porifera clades diverging before all other animals.
The Porifera clades Homoscleromorpha and Calcarea form a monophyletic clade, which
diverges first. The Porifera clades Demospongiae and Hexactinellida form a monophyletic
clade.
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In Chapter Four, | investigate the causes of conflicting signal within the metazoan tree of life.
In this chapter, | quantify the phylogenetic signal within different genes from the same dataset,
with the aim of determining whether incomplete lineage sorting contributes to the low
topological consistency of metazoan species trees. The short divergence time between
Ctenophora and Porifera contributes to the difficulty of resolving which clade diverged from all
other metazoans first. Previous studies have suggested incomplete lineage sorting contributes
to the difficulty of resolving these relationships, due to the rapid radiation of metazoan species
resulting in short branches at the base of the metazoan tree (King and Rokas 2017; Francis
and Canfield 2020). | apply concordance factors to 12 previously published empirical
phylogenetic datasets to determine whether incomplete lineage sorting contributes to the
inference of conflicting metazoan topologies. | estimate gene and quartet concordance factors
at key branches of the metazoan tree. Model misspecification has previously been suggested
as a cause of the Ctenophora-sister topology, with site-heterogeneous models fitting metazoan
datasets better than Partitioned models (Kapli and Telford 2020; Redmond and McLysaght
2021a). To account for model misspecification, | performed my concordance factors analyses
with both a Partitioned model and the C60 model. | identify substantial conflicting signal within
each of the 12 metazoan datasets, which is consistent with incomplete lineage sorting at the
base of the metazoan tree. My results suggest that traditional phylogenomic approaches are
unlikely to resolve the evolutionary history of the Metazoa, and alternate approaches designed

to detect deep phylogenetic signal may be required.
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A Comparison of Methods for Quantifying Treelikeness

1.1 Abstract

Many phylogenetic methods assume that all sites in an alignment share an evolutionary history
that conforms to a single bifurcating tree, i.e., the treelikeness assumption. However, the
treelikeness assumption is often violated in empirical data by evolutionary processes such as
incomplete lineage sorting, introgression, recombination, and horizontal gene transfer. Many
approaches have been used to quantify, visualize, and test for treelikeness, but there is a lack
of benchmarking to compare these tests and quantify their behaviour in different situations,
and few tests provide metrics that are intuitive to interpret. In this chapter, | address these
issues by introducing a new measure of treelikeness | call the tree proportion, which represents
the extent to which a single bifurcating tree explains the evolutionary history of a single
alignment. | then benchmark the behaviour of this measure and 7 existing measures of
treelikeness using simulated data with increasingly non-treelikeness by concatenating
alignments generated under random trees or under a multispecies coalescent model with
incomplete lineage sorting and introgression. My benchmarking shows that three measures
are particularly useful for estimating the treelikeness of an alignment: the tree proportion, §
plots, and the site concordance factor. These tests showed a correlation with treelikeness
under a wide range of scenarios. The remaining metrics were not consistently correlated with
the treelikeness of an alignment, and | discuss the underlying reasons for and implications of

these results.

Keywords: Phylogenetic methods, Phylogenetic inference, Model adequacy, Gene flow,

Parametric bootstrap

1.2 Introduction

A phylogenetic tree is an estimate of the evolutionary relationships between a group of species,
populations, or individuals (Simion et al. 2020). As all aspects of biology have been shaped by
evolutionary processes, many areas of biology (for example conservation, behavioural
ecology, and epidemiology) require accurate phylogenetic trees (Jermiin et al. 2020). Due to
the complexity of the evolutionary process, all phylogenetic methods make some simplifying
assumptions. One common assumption is that all sites in a sequence alignment share the
same evolutionary history, and that this history conforms to a single bifurcating tree. This is
called the treelikeness assumption (Jermiin et al. 2020). Perfectly treelike empirical alignments
may be rare due to biological processes such as incomplete lineage sorting (ILS) (Rokas and
Carroll 2006), hybridization (Sanderson et al. 2023), introgression (Steenwyk et al. 2023), or

horizontal gene transfer (HGT) (Gogarten and Townsend 2005). As a result, even short
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alignments such as those representing a single gene may have an evolutionary history
represented by more than one bifurcating tree (Mallet et al. 2016; Scornavacca and Galtier
2017; Mendes et al. 2019).

The treelikeness assumption is incorporated into many methods for estimating phylogenetic
trees. For example, concatenation methods assume that all sites from all loci in a concatenated
alignment share a single evolutionary history. This approach has been criticized because
concatenating alignments from loci with different evolutionary histories clearly violates the
treelikeness assumption, and the histories of individual loci may vary dramatically, potentially
resulting in incorrect phylogenetic inferences (Weisrock et al. 2012; Zhao et al. 2016; Shi and
Yang 2018; Wu et al. 2018). Coalescent methods incorporate non-treelikeness due to ILS by
allowing the topology of each gene tree to vary under a specific model of evolution. In other
words, they to some extent relax the treelikeness assumption between loci. However, these
methods still make the treelikeness assumption within loci —i.e., they assume that all the sites
from a single locus share a single evolutionary history. In empirical datasets, different exons
within the same gene have been shown to have different evolutionary histories (Scornavacca
and Galtier 2017; Mendes et al. 2019), i.e., the treelikeness assumption may be violated within
individual loci. This problem has been termed “concatalescence” and can undermine the
accuracy of coalescent analyses by reducing the accuracy of gene trees (Gatesy and Springer
2013, 2014). Performing a coalescent analysis becomes a trade-off between using loci large
enough to contain sufficient phylogenetic signal and small enough to be a single non-
recombining unit (Springer and Gatesy 2018). As a result, both concatenation and coalescent
methods can be vulnerable to errors introduced by violation of the treelikeness assumption.
Quantifying the level of conflicting signal within an alignment prior to tree estimation facilitates

appropriate selection of phylogenetic method and phylogenetic models.

In this chapter | introduce a new measure for quantifying treelikeness called the “tree
proportion”, which provides an intuitive measure of the extent to which a single alignment is
treelike. The tree proportion describes the extent to which the evolutionary history of an
alignment can be captured by a single bifurcating tree. A tree proportion of 1 indicates that an
alignment s perfectly treelike, and a tree proportion of 0 indicates that there is no treelike signal
in the dataset at all. The calculation of tree proportion works by determining the extent to which
a single maximum spanning tree captures the information present in a split network (see
Methods for details).

Despite the potential utility of tests for treelikeness, a key limitation in choosing a test for
treelikeness is the current lack of benchmarking. To the best of my knowledge, there has been
21
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no study comparing multiple metrics for treelikeness on a set of well-characterized datasets in
which treelikeness is systematically varied. In this chapter, | address this by benchmarking
eight tests for treelikeness against a wide range of simulated datasets in which | systematically
vary treelikeness. Although simulations cannot fully capture the complexity of biological
evolutionary processes, | argue that any treelikeness metric that cannot identify large changes
in treelikeness in simulated data is likely to perform poorly on empirical datasets. In addition to
my benchmark, | present a parametric bootstrap approach to determine whether the null
hypothesis of treelikeness holds for any given sequence alignment. | then use this parametric
bootstrap along with the three most useful tests of treelikeness identified by my benchmarking
to assess the treelikeness of two empirical metazoan datasets. The first dataset was
developed by Whelan et al. (2017a) to estimate the evolutionary history of the Metazoa, and
the second was a filtered version of that same dataset by McCarthy et al. (2023), who removed

genes with insufficient evidence of orthology.

Together, my results provide information that phylogeneticists can use to test the treelikeness
of any phylogenetic dataset. Allowing the data to reject model assumptions such as
treelikeness is an important step in the phylogenetic protocol that is often skipped (Brown and
Thomson 2018; Jermiin et al. 2020). If datasets are incorrectly assumed to be treelike, the
conclusions drawn from the resulting tree may be compromised (Brown and Thomson 2018;
Jermiin et al. 2020). Therefore, testing the treelikeness of empirical datasets prior to tree
estimation will help inform choice of phylogenetic methods, and hopefully result in more

accurate inferences.
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1.3 Existing Metrics for Quantifying Treelikeness

In this chapter, | differentiate between a “tree” (i.e., a phylogenetic tree with branch lengths
and topology) and the “tree topology” or simply “topology” (i.e., a phylogenetic tree without

branch lengths but with defined relationships between labelled tips).

A range of tests for treelikeness with different methodologies have been proposed (Table 1).
These methods can be broadly grouped by the approach that they take. Early tests for
treelikeness used multivariate or regression analysis. Cavalli-Sforza and Piazza (1975)
published a test for treelikeness, which they define as the validity of a given tree for an
observed distance matrix. This test uses multivariate analysis to ask to what extent using a
tree to represent a distance matrix results in a loss of information. Similarly, Cunningham
(1978) suggested a method for testing the validity of a tree as a representation of an alignment
by comparing a distance matrix estimated from the sequences to one calculated from the tree.
Both tests are designed to compare the validity of a tree as the representation for a dataset.
While these models will detect violation of the treelikeness assumption, they will also detect
violations of other assumptions which would decrease the fit of a single tree for a given dataset,

such as model misspecification.

Table 1: Summary of existing metrics for treelikeness discussed in this manuscript.

Test statistic Citation Method
Cavalli-Sforza-Piazza metric | (Cavalli-Sforza and Piazza 1975) Regression analysis
Cunningham metric (Cunningham 1978) Regression analysis
Eigen quartet metric (Eigen et al. 1988) Quartet
4 plot (Holland et al. 2002) Quartet
Q-residual (Gray et al. 2010) Quartet
Likelihood mapping (Strimmer and von Haeseler 1997) Quartet
Treeness triangles (White et al. 2007) Ternary plot
Split networks (Huson and Bryant 2006) Split network
Network Treelikeness Test (Huson and Bryant 2006) Split network
TIGER (Cummins and Mclnerney 2011) Character-state distribution
Site concordance factors (Minh et al. 2020a; Mo et al. 2023) Concordance factor
Reticulation index (Cai et al. 2021) Triplet frequency

Other tests use quartets to test for treelikeness. These methods work by calculating the
treelikeness of individual quartets of four taxa from the dataset, and then summarizing this
information across quartets. Eigen et. al. (1988) proposed one such test in which an alignment
is deemed treelike if each quartet of four taxa in the alignment is itself treelike, where
treelikeness is calculated by comparing the distances between each of the four sequences.

For example, given a quartet of four taxa in an alignment i, j, k and [ one can calculate four
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distances: d;j + dy;, d; + dj;, and d;; + d;. If these distances are not identical then the quartet
is classified as non-treelike (Eigen et al. 1988). The § plot method (Holland et al. 2002)
similarly quantifies the treelikeness of an alignment using a mathematical approach that
assesses the treelikeness of all possible quartets of taxa within an alignment, by quantifying
the extent to which each quartet fails to pass the four-point condition (which is satisfied for four
taxa i, j, k and [ when there is no unique maximum value for the three sums of distances
between taxa d;; + dy, dy + dj;, dy +dj) (Buneman 1971; Lapointe and Kirsch 1995).
However, there is no consensus on a threshold above which alignments are classified as non-
treelike for the § plot method, and as a result different studies have made chosen very different
cut-off points (Grimm and Renner 2013; Short et al. 2014; Kozak et al. 2015).

Another quartet method is the Q-residual, which has been applied to cultural and linguistic
evolution to quantify treelikeness (Gray et al. 2010; Syrjanen et al. 2021). The Q-residual and
é plot values are calculated similarly. Given a quartet of four taxa in an alignment i, j, k and [,
one can calculate four distances: d;; + dy;, di + dj;, and d;; + dji.. If one assumes that d;; +
dy <dy +dj; < dy +dj, then the §, score (6 plot value for this quartet) is &, =

(dg+dji)—(di+d;j)
(dg+dji)—(dij+dg)’

whereas for the same quartet the formula to calculate the Q-residual is Q —
residual = ((dy + dy) + (du + dﬂ))z.

Finally, likelihood mapping (Strimmer and von Haeseler 1997) was designed to visualize the
phylogenetic information content of an alignment (Salzburger et al. 2002; Baric et al. 2003;
Steiner and Dreyer 2003) by visualising the treelikeness of individual quartets. Likelihood
mapping provides a general overview of the level of conflict within quartets for any given
alignment. Given any quartet of four taxa, first the maximum likelihood for each of the three
unrooted tree topologies is calculated, and then the posterior probability of each tree is
calculated using Bayes’ theorem. Each quartet is then plotted onto a ternary graph with each
vertex representing one of the three possible tree topologies. Quartets in the corners favour
one tree and are deemed treelike, whereas quartets in the centre of the plot have a star-like
topology and are deemed non-treelike. Likelihood mapping has been applied as a proxy for
the overall treelikeness of an alignment or the phylogenetic signal of an alignment, with the
proportion of treelike quartets used as a test statistic to determine the treelikeness or
phylogenetic content of an alignment (Nadan et al. 2003; Nikolaev et al. 2007; Skaloud and
Peksa 2010; Kim et al. 2013; Vanhove et al. 2015; Vdacny 2017; Prasanna et al. 2020; Cunha
et al. 2022).

24



Chapter One

Another class of treelikeness tests are designed to help visualize conflicting signals within a
dataset, without using quartets. Treeness Triangles plots (White et al. 2007) visualize the
phylogenetic signal of a dataset. Given an alignment and a tree, the three vertices on the
Treeness Triangle plot represent the proportion of signal supporting the exterior branches, the
proportion of signal supporting interior branches, and the sum of the residual signals. Each
point in the Treeness Triangle represents a single tree, allowing for comparison between

different alignments or different models of evolution.

Phylogenetic networks also used to visualize conflicting signal within an alignment. A
phylogenetic network is any network where taxa are represented by nodes and the
relationships between taxa are represented by edges. One type of phylogenetic networks is
the split network, which use splits to represent incompatibilities in a dataset. A split is a
bipartition of a set of taxa — each edge within a phylogenetic tree or network defines a single
split. Split networks naturally display conflicting signals and relationships within an alignment
and can be used to visualize the treelikeness of a dataset by looking at the number, size, and
position of conflicting splits in the network (Bryant and Moulton 2004; Huson and Bryant 2006).
A split network is an implicit representation of evolution, as individual nodes within the network
do not represent ancestral species. Alternatively, reticulate networks explicitly represent
evolutionary events such as recombination or hybridisation by adding edges to a phylogenetic
tree (Huson and Bryant 2006), and therefore nodes within a reticulate network explicitly

represent ancestral species.

Split networks can serve as the basis for quantitative tests for treelikeness. The Network
Treelikeness Test (Huson and Bryant 2006) determines whether it is likely that data originated
from a given tree, starting by estimating a Neighbor-Net network. In the Network Treelikeness
Test, a Neighbor-Net network is inferred from the dataset, and then used to construct a
consensus network. A confidence network is constructed by determining the confidence
interval for the weight of each split in a split network (Huson and Bryant 2006). Next, the
confidence network is tested to see if it contains a given tree: i.e., that each splitin the tree is
in the confidence network, that the branch length for each split is contained within the
confidence intervals for the weight of that split in the confidence network, and that every split
in the confidence network that is not in the tree has a confidence interval containing 0 (Huson
and Bryant 2006). If the above three conditions are not met, the Network Treelikeness Test
rejects the null hypothesis that the data originated on a tree. Unfortunately, previous studies
have shown that this test is conservative and has low power to reject non-treelike datasets
(Huson and Bryant 2006).
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In addition to explicit tests of the treelikeness assumption several other phylogenetic tools have
been proposed to detect signals that are likely to change as the treelikeness of an alignment
varies. TIGER (Cummins and Mclnerney 2011) is a tree-independent method to determine
similarity between characters and was designed to detect rapidly evolving sites. TIGER has
been applied to sort sites into categories based on evolutionary rates, and remove sites for
phylogenetic analysis (He et al. 2014; Xi et al. 2014; Heikkila et al. 2015; Burki et al. 2016;
Foster et al. 2017). As treelike datasets are expected to have higher internal consistency,
TIGER values have previously been applied as a proxy for treelikeness in linguistic datasets
(Syrjanen et al. 2021; List 2022). Site concordance factors (sCF) (Minh et al. 2020a; Mo et al.
2023) may also be expected to vary consistently with treelikeness. For each branch in a tree,
the site concordance factor represents the proportion of decisive sites which agree with that
branch, where decisive sites are defined as those with sufficient information to have potentially
supported that branch. Site concordance factors will tend to be high when treelikeness is high
(as all sites in the alignment will share an evolutionary history) and become lower as
treelikeness is reduced. Finally, the Reticulation Index (Cai et al. 2021) was designed to
guantify introgression at each node of a species tree using triplet frequency. The Reticulation
Index estimates the proportion of gene flow (i.e., the proportion of asymmetric triplets) at each
node, resulting in an estimation of the levels of reticulate evolution across a species tree. As
this method works by comparing triplets (Cai et al. 2021), the species tree must contain at least

one descendant of both the donor and recipient lineage to identify the signal of gene flow.

26



Chapter One

1.4 Materials and Methods
1.4.1 Tree Proportion: A New Metric for Quantifying Treelikeness

| introduce a new metric designed to quantify treelikeness in a sequence alignment, called tree
proportion (Figure 4). First, an input alignment sequence is used to estimate a phylogenetic
network (such as Neighbor-Net implemented in the SplitsTree software). Second, a maximum
spanning tree is constructed from the split network using a modified version of Kruskal’s
algorithm (Kruskal 1956) to select the set of compatible splits with the highest sum of split
weights. The tree proportion metric quantifies the proportion of split weights from the split

network within the maximum spanning tree.

Tree proportion is defined as follows. For a split network denoted by (S, 1) where S is the set
of non-trivial splits in the network and A is a split weight function, and a maximum spanning

tree (T) the tree proportion is calculated as:

Xsnt A(o)

Equation 1 Tree proportion =
quation prop s A(o)

In Equation 1, the set of splits in the tree is denoted by S n T . For any split g, the split weight
(i.e., the edge length) is given by A(o).

In other words, tree proportion is the proportion of the total weight of non-trivial splits in the
network that are represented by the maximum spanning tree (Figure 4, Equation 1).

The R function to calculate the tree proportion of any alignment is available at the “Code” folder

of the GitHub repository https://github.com/caitlinch/treelikeness-metrics/, in the scripts

func_metrics.R and func_tree_proportion.R. The tree proportion function was written in R
v4.3.1 (R Core Team 2018), and utilizes the R packages ape v5.7.1 (Paradis and Schliep
2019) and phangorn v2.11.1 (Schliep 2011; Schliep et al. 2017).
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Figure 4: lllustration of computing tree proportion from a sequence alignment of five taxa.
a) An example of a DNA sequence alignment for 5 taxa.

b) The Neighbor-Net network with three splits (8¢, 8,, 83) estimated from the alignment in
Figure 4a.

¢) A maximum spanning tree with two splits (84, 8,) constructed greedily from the Neighbor-Net
network in Figure 4b by taking the set of compatible splits with the maximum possible sum of
split weights.

d) The weights and bipartitions (i.e., partitions of the set of taxa into two parts) for the splits
present in the Neighbor-Net network and maximum spanning tree, estimated from the
alignment in Figure 4a.

e) Example calculation for the tree proportion, using the three splits in the Neighbor-Net
network (Figure 4b) and the two splits in the maximum spanning tree (Figure 4c). The tree
proportion is calculated by dividing the total sum of split weights from the maximum spanning
tree by the sum of split weights in the Neighbor-Net network.

In principle, the tree proportion can be calculated from any combination of a network and a
tree estimated from the same alignment. Here, | calculate the tree proportion by first estimating
a Neighbor-Net network (Bryant and Moulton 2004) from an alignment using SplitsTree4
v4.18.2 (Huson 1998; Huson and Bryant 2006). | then estimate a maximum spanning

phylogenetic tree from the Neighbor-Net network using a modified version of Kruskal's
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algorithm (Kruskal 1956). Tree estimation from a set of splits has previously been proposed
(Bandelt and Dress 1992; Bastkowski et al. 2014), and estimating a maximum spanning tree
via greedy selection of splits has been shown to perform well for split decomposition networks
(Bandelt and Dress 1992). To estimate a maximum spanning tree from the network, | use a
modified version of Kruskal’s algorithm (Kruskal 1956). | first extract the set of splits from the
Neighbor-Net network and order them from strongest to weakest by split weight. Next, | add
one split at a time, beginning with the strongest split. If the added split is compatible with the
existing set of splits, | add it to the tree. If it is not compatible, the split is discarded. This
continues until all splits have been processed and the maximum spanning tree has been
generated. This algorithm is not guaranteed to maximise split support, but will be a good

starting point to evaluate the level of conflicting signal within an alignment.

The tree proportion is simply the sum of the weights of all non-trivial splits (i.e., | exclude all
splits leading to leaf nodes) in the maximum spanning tree divided by the sum of the weights
of all non-trivial splits in the Neighbor-Net network (Figure 4). A tree proportion of 1 indicates
that all non-trivial splits present in the network are also present in the tree, hence the alignment
is perfectly treelike. As the amount of conflicting signal within an alignment increases, the tree

proportion decreases towards zero.

By starting with a split network, the tree proportion method assumes that all conflicting
phylogenetic signal is included in the distance matrix and hence the network. However, some
loss of information in converting from an alignment to a distance matrix to a split network is
inevitable (Felsenstein 2004). Therefore, the tree proportion method is only able to detect

changes in treelikeness that are captured by transformation from alignment into a split network.

1.4.2 Simulations

| performed two sets of simulations designed to create alignments which varied predictably in
their treelikeness. The first set of simulations concatenates alignments generated from random
trees. In this case, for an alignment of a given length the minimum number of trees is 1 (in
which case the alignment is treelike), and the maximum number is equal to the length of the
alignment (i.e., every site is simulated from a different random tree — in this case the alignment
is maximally non-treelike). The second set of simulations concatenates alignments generated
from gene trees simulated under the multi-species coalescent model with introgression. The
principle here is the same as with the first set of simulations, but the trees are now constrained
by a biologically inspired model in which the generated trees are much more similar to each

other than randomly generated trees. Thus, although both approaches will generate monotonic
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changes in treelikeness, treelikeness should decrease more quickly in the former approach
(using random trees) than in the latter approach (using trees from the coalescent with

introgression).

1.4.2.1 Random tree simulations

The first set of simulations decreased treelikeness by increasing the number of random trees
within an alignment. | simulated alignments with all combinations of the following parameters:
5, 10, 20, 50, and 100 taxa; three tree depths in substitutions per site (0.01, 0.1, 1); an
alignment length of 10kbp; and 1, 2, 4, 5, 8, 10, 16, 20, 25, 40, 50, 80, 100, 125, 200, 250,
400, 500, 625, 1000, 1250, 2000, 2500, 5000, 10000 random trees per simulation (i.e., all
whole-number divisors of the total alignment length). | note that for a rooted tree with 5 taxa
there are only 105 tree topologies, so 5-taxon alignments included replicate tree topologies. |
performed 10 replicates for each combination of number of taxa, tree depth, and number of

trees. This resulted in a total of 3750 simulated alignments.

To simulate a single dataset, | generated random rooted trees using the “rmtree” function from
the R package ape v5.6.2 (Paradis and Schliep 2019) and scaled all trees to the relevant tree
depth. After generating the random trees, | constructed one alignment per tree by simulating
along each tree such that the alignment length was [/x (where [ is the length of the total
alignment and x is the number of trees in the simulation). DNA sequence alignments with the
Jukes-Cantor model of sequence evolution (Jukes and Cantor 1969) were simulated in Alisim
(Ly-Trong et al. 2022), using 1Q-Tree version 2.2.0 (Minh et al. 2020b). | then concatenated
each alignment in a simulation to create single supermatrix for each simulation. This procedure
generates datasets with gradated treelikeness. At one extreme is a 10,000 base pair long
alignment where each site shares an identical underlying tree (perfectly treelike). At the other
extreme is a 10,000 base pair alignment where each site is simulated from a different randomly

generated tree.

Custom scripts were written to perform these analyses in R v4.3.1 (R Core Team 2018) using
the R packages ape v5.7.1 (Paradis and Schliep 2019), phangorn v2.11.1 (Schliep 2011,
Schliep et al. 2017) and phytools v1.9.16 (Revell 2012). All code to replicate these simulations
is available from the “Code” folder of the GitHub repository

https://github.com/caitlinch/treelikeness-metrics, in the files 01 simulations.R and

func_simulating_alignments.R. Simulation results are available from the Figshare repository
https://doi.org/10.6084/m9.figshare.26054467.
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1.4.2.2 Introgression simulations

The second set of simulations is similar to the first, except that instead of using random trees,
the trees are generated from a biologically inspired model. As above, | set the possible number
of taxa n at five values (5, 10, 20, 50, 100). To better mimic empirical phylogenetic datasets, |
fixed the total alignment length at 40,000 bp long. Each alignment consisted of 200 simulated
genes, with a fixed gene length of 200 bp. For each simulated alignment, | used the function
“sim.bd.taxa.age” from the R package TreeSim v2.4 (Stadler 2011, 2017) to simulate species
trees with n species under a birth-death process, with a fixed time since the origin of the
process. | used a Yule process (i.e., an extinction rate of zero) and two speciation rates, 0.01
and 1. These speciation rate values were selected to cover a broad range of speciation rates
from empirical studies (Etienne et al. 2011; Stadler and Bokma 2013; Silvestro et al. 2018;
Condamine et al. 2019).

Table 2: Divergence times and empirical tree depths for three clades from the animal tree of
life.

Clades were selected to have a range of tree ages included in simulations. ‘Myr is millions of
years. ‘Subs/site’ is substitutions per site.

Divergence time Empirical tree depth
Simulated Simulation
tree age Clade Depth tree depth
9 Time (Myr) Citations (subsp/site) Citations P
(Simion et al.
573 — 656 (Petezrggz)et a1 0313-0422 | 2017a,
2017b)
. (Laumer et al.
(Chernikova et
. : 400 — 700 0.735-0.832 2018a,
500 Bilateria al. 2011) 2018b) 0.5
(Laumer et al.
(dos Reis et al. 2019a,
688 — 596 2015) 0.331-0.338 2019b.
2019c¢)
_ (Pozzi et al.
68.2-81.2 2014)
anderpool et anderpoo
(vand I (Vand I
50 Primates ~60 al. 2020b, 0.083 et al. 2020a, 0.05
2020a) 2020b)
B (Wisniewski et
61.20 — 66.17 al. 2022)
5_7 (Glazko and Nei
Human+ (Lanz?e?sr)aber (Vanderpool
5 Chimp+ 7-13 9erg 0.004 et al. 2020a, 0.005
Gorilla ClEL 2017 2020b)
6.6 (Amster and
) Sella 2016)
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To ensure my simulations covered a range of biologically plausible conditions, | used three
sets of simulation conditions, each based on a different clade from the animal tree of Life
(Table 2). | selected three tree ages: 5, 50, and 500 million years (Myr). The 5 Myr trees were
designed to mimic the age of the Human-Chimp-Gorilla clade, which has been estimated to
diverge 5-13 millions of years ago (Ma) (Glazko and Nei 2003; Langergraber et al. 2012;
Amster and Sella 2016; Vanderpool et al. 2020b). The 50 Myr trees were designed to mimic
the age of the Primates clade, which has been estimated to diverge 60 — 81.2 Ma (Pozzi et al.
2014; Vanderpool et al. 2020b; Wisniewski et al. 2022). Finally, the 500 Myr trees were
designed to mimic the age of the Bilateria clade, which has been estimated to diverge 400-700
Ma (Peterson et al. 2004; Chernikova et al. 2011; dos Reis et al. 2015; Simion et al. 2017a;
Laumer et al. 2018a, 2019a).

{ 110 t10
19 19

| t8 t8

t7 t7

t6 t6

t5 A t5

t4 t4

| t3 . t3
t2 L t2

t1 t1

Figure 5: lllustration of simulated introgression events.

a) A randomly generated 10-taxa tree undergoing a recent introgression event, where genetic
material from taxa t5 is introgressed into taxa t7. A recent introgression event occurs between
any set of two randomly selected tips, provided that the tips are not sister species.

b) A randomly generated 10-taxa tree undergoing an ancient introgression event, where
genetic material from the species tlis introgressed into the ancestor to taxa t4 t5, t6, t7, t8, t9
and t10. An ancient introgression event occurs towards the root of the tree where there are
three distinct lineages, and introgression is between two of the three lineages (provided that
the two lineages are not sister species).

Next, | added a single introgression event to the tree. Introgression events were classified as
either recent or ancient (Figure 5). For a recent event, two random tips were selected such
that the pair of tips were not sister taxa (Figure 5a). | calculated the timing of each branching
event, then set the timing for recent introgression events halfway between the tips and the
most tip-wise node involving either of the taxa. Ancient events were set such that introgression

occurred as close to the root as possible between two non-sister taxa (Figure 5b). To select
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two lineages for the ancient introgression event, | identified lineages involved in the second
and third branching events (where the first branching event is defined as the event that creates
the root of the tree). If four taxa were present in those two events, | selected one taxon from
each event at random. If three taxa were involved in the event, | selected two taxa such that
the event took place between two taxa that were not sister lineages. The timing of an ancient
event was set halfway during the period that the two taxa involved in the introgression event
were present on the tree. For both recent and ancient introgression events, | varied the
proportion of recombinant sequence r moving from one species to the other from 0 to 50%,
with r = (0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5). When the proportion of

recombinant sequence r = 0, no introgression event was added to the alignment.

From each species tree, | generated 200 gene trees in ms (Hudson 2002). By simulating gene
trees under the coalescent | introduced conflicting phylogenetic signal due to ILS in all
alignments, regardless of whether an introgression event was added. To simulate gene trees
for each simulation replicate, | generated a command line for ms based on the scaled random
coalescent tree using a custom-written R function (“ms.generate.trees” function from

code/func_simulating_alignments.R, https://github.com/caitlinch/treelikeness-metrics). In ms,

| set the population size for each of the populations (i.e., each of the tips) equal to 1 with no

migration.

To convert trees from coalescent units to substitutions per site, | scaled each of the 200 gene
trees for an alignment by the simulation tree depth for the specified simulated tree age. To
obtain a reasonable simulation tree depth, | determined empirical tree depths for each of the
three clades underlying my simulations (Table 2). The simulated tree depths selected (in
substitutions per site) were 0.5 for the 500 Myr simulations, 0.05 for the 50 Myr simulations,
and 0.005 for the 5 Myr simulations (Table 2). | estimated these tree depths from either
estimating trees from published empirical datasets or directly from existing published
phylogenetic trees. To identify the tree depth in substitutions per site, | took existing

phylogenetic studies that investigated each of three clades from Table 2.

For the 50 and 5 Myr simulations, | used primates dataset of Vanderpool et al. (2020a, 2020b)
and estimated a partitioned tree in 1Q-Tree with ModelFinder and 1000 ultrafast bootstrap
replicates (Chernomor et al. 2016; Kalyaanamoorthy et al. 2017; Biczok et al. 2018; Hoang et
al. 2018a; Minh et al. 2020b) using the command “igtree2 -s alignment.fa -p
partition.nex -m MFP+MERGE”. For the 500 Myr simulations, | used the following
published trees downloaded from the relevant data repositories: tree 90sp_CAT,
tree_90sp_CAT_heterop60, tree_90sp_CAT_heterop70 and tree_90sp_LGF-PARTITION
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(Simion et al. 2017a, 2017b); Tplx_phylo_d1_withbnni_Tadhonly.phylip.treefile,
Tplx_phylo_d1.phylip (Laumer et al. 2018a, 2018b); and nonbilateria_ MARE_BMGE.IQTree,
nonbilateria_ MARE_cho BMGE.IQTree (Laumer et al. 2019a, 2019b, 2019c¢). To calculate the
empirical tree depth, | opened each tree in R, used the ape function “extract.clade” to extract
only the clade of interest, and then calculated the maximum branching time for that clade using
the ape function “branching.times”. | calculated the empirical tree depth of the Human-Chimp-
Gorilla clade as 0.004 substitutions per site (Vanderpool et al. 2020a, 2020b). | calculated the
empirical tree depth of the Primates clade as 0.083 (Vanderpool et al. 2020a, 2020b). Finally,
| calculated the empirical tree depth of the Bilateria clade as 0.313 —0.422 (Simion et al. 20174,
2017Db), 0.735 — 0.832 (Laumer et al. 2018a, 2018b), or 0.331 — 0.338 (Laumer et al. 2019a,
2019b, 2019c). These three cases were used as the biological grounding for this set of

simulations.

After scaling gene tree depth, | simulated DNA along each gene tree using Alisim with the
Jukes-Cantor model as above, except that every simulated gene was 200 base pairs long.
Finally, | concatenated all genes for that simulated alignment into a single supermatrix. This
resulted in a single concatenated alignment of 40,000 bp. | performed 10 replicates for each
combination of number of taxa, tree age, speciation rate, proportion of recombinant sequence,
and timing of recombination event (either recent or ancient) resulting in a total of
10 x5x 3x2x11x2=6600 simulated alignments. However, | excluded all simulations
with 5 taxa and an ancient introgression event (a total of 10 X 1 X3 Xx2Xx 11X 1 = 660
alignments), as for a 5-taxon tree there is little difference between recent and ancient events.

This resulted in a total of 5940 simulated alignments.

To generate the alignments, | wrote custom R v4.3.1 (R Core Team 2018) script using the R
packages ape v5.6.2 (Paradis and Schliep 2019), phangorn v2.7.1 (Schliep 2011), phytools
v1.9.16 (Revell 2012) and TreeSim v2.4 (Stadler 2011, 2017). All code to replicate these
simulations is available from the GitHub repository https://github.com/caitlinch/treelikeness-

metrics, in the files code/01_simulations.R and code/func_simulating_alignments.R.
Simulation results are available from the Figshare repository
https://doi.org/10.6084/m9.figshare.26054467 .

1.4.3 Tests for Treelikeness

| reviewed the literature and identified 9 existing approaches which had been used to measure
or test for treelikeness (although not all were explicitly designed for this purpose): Treeness

Triangles (White et al. 2007), the Reticulation Index (Cai et al. 2021), Cunningham metric
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(Cunningham 1978), likelihood mapping (Strimmer and von Haeseler 1997), § plots (Holland
et al. 2002), the Network Treelikeness Test (Huson and Bryant 2006), Q-residual (Gray et al.
2010), TIGER (Cummins and Mclnerney 2011), and site concordance factors (sCF) (Minh et
al. 2020a). From these 9, | excluded Treeness Triangles (White et al. 2007) as | could not
access the original software implementation, and | excluded the Reticulation Index (Cai et al.
2021), because calculating this metric required multiple steps that have the potential to violate
the treelikeness assumption (e.g., by estimating gene trees, this method assumes that each
gene is treelike). | then focused on comparing the remaining 7 approaches and my new

approach described above.

Cunningham (1978) defines a method to compare the goodness-of-fit of different
representations of the same dataset, by calculating the extent to which each representation
accounts for the variance within the data. In this chapter, | represented this by calculating the
R? value for an alignment using the observed (i.e., alignment) and predicted (i.e., tree) pairwise

distances.

To calculate the Cunningham metric, | wrote a custom R function cunningham.test, available
in the file code/func_metrics.R from the project  GitHub repository

https://github.com/caitlinch/treelikeness-metrics. To calculate the Cunningham metric for an

alignment, 1 first calculated the observed distances from the alignment (d;;) by calculating a
pairwise distance matrix from the alignment using the dist.ml function from the R package
phangornv2.7.1 (Schliep 2011). | then estimated a maximum likelihood tree from the alignment
using 1Q-Tree v2.2.0 with ModelFinder (Kalyaanamoorthy et al. 2017; Minh et al. 2020b),
although any tree estimation method would be sufficient. From that maximum likelihood tree,

| calculate the predicted distances (p;;) by calculating a pairwise distance matrix from the tree.

I then calculate the total sum of squares (TSS) (Equation 2) and residual sum of squares (RSS)
(Equation 3) and use these to calculate the R? (Equation 4). | report the R? value for each
alignment as the result of the Cunningham metric. When the choice of model is appropriate for
the data, the Cunningham metric is between 0 and 1. An increasing Cunningham metric value

indicates that the tree is a good fit for the alignment.

Equation 2 TSS = Y d;
Equation 3 RSS = ¥(p; - dij)z
Equation 4 R2 — TSS=RSS

RSS
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| performed likelihood mapping using the implementation in 1Q-Tree v2.2.0 (Strimmer and von
Haeseler 1997; Minh et al. 2020b). | report the proportion of fully resolved quartets (the number
of fully resolved quartets divided by the total number of quartets) as the test statistic for the
likelihood mapping method. This approach has been used in previous studies to quantify the
treelikeness of the phylogenetic signal within a given dataset (Vdacny 2017; Bourke et al.
2021). The proportion of resolved quartets will be between 0 and 1, with higher values

indicating a higher proportion of treelike quartets within the alignment.

To calculate the mean §q value (Holland et al. 2002) for each alignment, | first used the dist.ml
function from R package phangorn (Schliep 2011) with substitution model set to “JC69” to
calculate a distance matrix from the alignment. Then | applied the “delta.plot” function from R
package ape v5.6.2 (Paradis et al. 2004) to calculate the &4 values for the alignment (i.e., the
treelikeness of each possible quartet). The test statistic reported is the mean §4 value from an
alignment. The mean §4 value ranges from O to 1, with a value of O indicating perfect

treelikeness. As treelikeness decreases, the mean §q value increases.

To calculate the Network Treelikeness Test, | used SplitsTree4 v4.18.2 (Huson 1998; Huson
and Bryant 2006, 2022) to infer a split network and then construct a confidence network using
100 bootstraps. | then identified the set of splits with confidence intervals excluding 0. If this
set is compatible, | accept the null hypothesis that this dataset is treelike. As a test statistic, |
report the proportion of treelike alignments for each set of experimental conditions (i.e., the
proportion of the 10 replicate alignments for each set of simulation conditions that are classified
as treelike by the network treelikeness). The proportion of treelike alignments is between 0
and 1, with a value of 1 indicating every alignment for that set of experimental conditions is

classified as treelike by the Network Treelikeness Test.

| used the Phylogemetric python library (Greenhill 2016, 2021) to calculate the Q-residual value
for each alignment. | report the mean Q-residual for each alignment as the test statistic. The
mean Q-residual value is bound between 0 and 1, and as treelikeness of quartets decreases

the mean Q-residual value increases.

To calculate the TIGER value for each alignment | used the fast_tiger software (Frandsen
2015). Phylogenetically uninformative sites (i.e., sites that do not provide information about the
evolutionary relationships between taxa in an alignment) skew TIGER values, especially when
the proportion of uninformative sites is high (List 2022). Therefore, | removed phylogenetically
uninformative sites from each alignment using the “pis” function from the R package ips v0.0.11

(Heibl 2008) before applying fast_tiger to calculate the TIGER value. As a test statistic, | report
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the mean TIGER value for each alignment. TIGER values range from 0 to 1, with TIGER values

increasing as the treelikeness increases.

| calculated site concordance factors (Minh et al. 2020a; Mo et al. 2023) using IQ-Tree2 v2.2.2
(Minh et al. 2020b). As calculating the sCFs requires a reference tree, | used IQ-Tree2 to
estimate a maximum likelihood tree for each alignment, using ModelFinder to identify the best
model (Kalyaanamoorthy et al. 2017). | then calculated the maximum likelihood based sCF
using IQ-Tree2 and the flag “~-scf1”. For any given replicate alignment, the test statistic is
the mean sCF calculated from the reference tree. The mean sCF ranges from ~0.3 to 1, and

as treelikeness increases the mean sCF should increase.

To apply all tests for treelikeness and compile the results, | wrote a pipeline in R v4.3.1 (R
Core Team 2018) using the R packages ape v5.7.1 (Paradis and Schliep 2019), ips v0.0.11
(Heibl 2008), phangorn v2.11.1 (Schliep 2011; Schliep et al. 2017), and phytools v1.9.16
(Revell 2012). Code to apply test statistics and compile results is available in the “Code” folder

of the GitHub repository (https://github.com/caitlinch/treelikeness metrics) in the files

02_apply_treelikeness_metrics.R, func_metrics.R, and func_tree_proportion.R. Data analysis
and plotting were performed using the R packages ggplot2 v3.4.2 (Wickham 2016), ggtree
v3.8.2 (Yu 2020, 2022; Xu et al. 2022), patchwork v1.1.2 (Pedersen 2022), reshape2 v1.4.4
(Wickham 2007), and scales v1.2.1 (Wickham and Seidel 2022). The scripts to replicate
plotting and data analysis (03_data_analysis.R, 05_figures.R and func_data_analysis.R) are
available from the GitHub repository as above. Results are available from the Figshare
repository https://doi.org/10.6084/m9.figshare.26054467.

1.4.4 Empirical Analysis with Parametric Bootstrap

| selected two datasets for empirical phylogenetic analysis that had previously applied to
estimate the metazoan tree of life, a contentious tree with unresolved topology and conflicting
phylogenetic signal (Shen et al. 2017; Kapli and Telford 2020; Redmond and McLysaght
2021a). Phylogenetic studies have found support for placing a range of different groups as the
sister to all other metazoan clades including Porifera (Philippe et al. 2009, 2011b; Pisani et al.
2015; Simion et al. 2017a), Ctenophora (Dunn et al. 2008; Hejnol et al. 2009; Ryan et al. 2013;
Borowiec et al. 2015), or a monophyletic group consisting of Porifera and Ctenophora (Francis
and Canfield 2020). In addition, metazoan tree topology is affected by choices made during
phylogenomic analysis including the selection of loci (Pandey and Braun 2020; McCarthy et
al. 2023) or the filtering of sites (Francis and Canfield 2020).
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The first dataset “Metazoa_Choano_RCFV_strict.phy” (Whelan et al. 2017a, 2017b), includes
76 taxa and 117 genes (for a total of 49388 sites). The second dataset is
“Whelan2017MCRS filtered.fasta” (McCarthy 2022; McCarthy et al. 2023), which takes the
Whelan 2017 original dataset and applies a test of orthologous signal, excluding genes with
insufficient signal (i.e., genes unable to recover 3 or more of the 6 distinct clades within the
metazoan tree of life). The filtered dataset contains 76 taxa but only 42 genes (for a total of
22820 sites). | refer to these datasets as the “Original” and “Orthology-enriched” datasets
respectively. | separated each concatenated alignment into individual genes using the partition
files from the original publications, resulting in 117 alignments for the Whelan et al. (2017a)
original dataset and 42 for the filtered dataset of McCarthy et al. (2023).

| identified three test statistics to apply to empirical data based on simulation results (see 1.5.1
below): tree proportion, sCFs, and & plots. No test statistic performed as an ideal test statistic
for treelikeness (i.e., a monotonic change as treelikeness increased) for the introgression
simulations, so only random tree simulation performance was considered to identify the three
best-performing test statistics. To test the statistical significance of each test statistic value, |
performed a parametric bootstrap with 100 bootstrap replicates for each alignment (i.e., each
gene from each dataset). A bootstrap replicate is a simulated sequence alignment with the
same underlying parameters as the empirical alignment (tree, number of sites, model of
substitution, rate parameters, placement of gaps and unknown characters). Thus, each
bootstrap replicate is treelike because it is simulated along a single bifurcating tree. In this
way, the bootstrap replicates give the range of each test statistic which is plausible under
treelike simulations. The observed test statistics can then be compared to these null
distributions to ask whether each observed alignment is treelike, or whether treelikeness can
be rejected in the statistical sense for that alignment. | generated 100 parametric bootstrap
replicate alignments in Alisim (Ly-Trong et al. 2022) using the command “igtree2 -s
alignment.fa --alisim param bs -m MFP --num-alignments 100 --out-
format fasta”. Inthis command, “alignment.fa”is the path to the alignment file for the
gene of interest; “param bs” is the prefix for simulated alignments; “-m MFP” indicates 1Q-
Tree2 should run ModelFinder and apply the best model to generate simulated sequences;
“——num-alignments 100" sets the number of simulated alignments at 100; and “--out-
format fasta” species that simulated alignments will be in FASTA format. Alisim generates
100 simulated alignments with the same length, number of taxa, underlying tree and model,
and gap location as the input alignment. | then calculate the tree proportion, mean sCF value,
and mean § plot value for the input alignment and the 100 simulated parametric bootstrap

alignments for each gene in each dataset.
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| calculated the lower-tail p-value for each test statistic for each alignment (i.e., each gene in
each dataset) to determine whether the null hypothesis of treelikeness was rejected. To
determine the statistical significance of a given test statistic, | took the 101 test statistic values
for any given gene (1 value from the empirical alignment and 100 values from the parametric
bootstrap replicates) and computed the p-value by calculating the proportion of bootstrap

replicate test statistic values with values less than or equal to the observed test statistic value.

The pipeline was written in R v4.3.1 (R Core Team 2018) with the packages ape v5.7.1
(Paradis and Schliep 2019), ggplot2 v3.3.4 (Wickham 2016), ggpubr v0.6.0.999 (Kassambara
2023), patchwork v1.1.3 (Pedersen 2022), phangorn v2.11.1 (Schliep 2011), seqinr v4.2.30
(Charif and Lobry 2007), and reshape2 v1.4.4 (Wickham 2007). The custom R code to
replicate the empirical analysis is available from the project GitHub repository

(https://github.com/caitlinch/treelikeness _metrics), in the files code/04_empirical_data test.R,

code/func_parametric_bootstrap.R, and code/func_empirical.R. Gene alignments and results
of the parametric bootstrap are available from the project Figshare repository
(https://doi.org/10.6084/m9.figshare.26054467).
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1.5 Results

The ideal performance for a test statistic of treelikeness would be for the test statistic to show
a monotonic change as either the number of random trees is increased (random tree
simulations) or the proportion of introgression increases from 0% to 50% (introgression
simulations). The direction of the monotonic change will depend on the test statistic: e.qg., for
tree proportion a treelike alignment has a test statistic value of 1 and the tree proportion
decreases as the treelikeness decreases, but for the § plots method an alignment with perfectly
treelike quartets will have a mean §q4 value of 0 and the mean &4 value will increase as the

treelikeness of the quartets decreases.

1.5.1 Random Tree Simulations

For the random tree simulations, the most successful metrics were the tree proportion, mean
dq value and mean sCF values (Figure 6). These test statistics clearly and consistently
changed in the predicted direction up to some limit as the number of trees increased for all
tree depths and all numbers of taxa (although all statistics also decreased as the tree depth
increased). The tree proportion test statistic performed similarly under different numbers of
taxa and under different tree depths. The range in mean & values was lower at the highest tree
depth of 1 substitution per site, with a higher initial mean § value of 0.25 — 0.37 compared to
the initial values of approximately 0.12 at lower tree depths (Figure 6). Similarly, the mean sCF
value was lower at the highest tree depth of 1 substitution per site (Figure 6, initial SCF value
of around 0.5) , compared to the initial values 0.01 substitutions per site (sCF of 0.87 — 1) and
0.1 substitutions per site (sCF of 0.75 — 0.87).

The remaining five tests performed poorly (Figure 6). The Cunningham metric test statistic
increased in value as the number of trees increased only for the highest tree depth of 1
substitution per site. The proportion of treelike alignments (calculated from the network
treelikeness test) had no clear trend when the number of taxa was low (5 taxa) or the tree
depth was low (0.01 substitutions per site). The proportion of resolved quartets (calculated
from likelihood mapping) and the mean Q-residual value had minimal response to decreasing
treelikeness at low and moderate tree depths (0.01 and 0.1 substitutions per site). At the
highest tree depth of 1 substitution per site the proportion of resolved quartets initially
increased as the number of underlying trees in an alignment increased, whereas the mean Q-
residual change showed no response. Finally, the mean TIGER value decreased as the
number of trees increased at low and moderate tree depths (0.01 and 0.1 substitutions per

site), but the magnitude of the difference was correlated to the number of taxa in an alignment.
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As the number of taxa in the alignment increased, the total range of mean TIGER values
decreased. Finally, for the highest tree depth of 1 substitution per site, the mean TIGER value
varied very little as the treelikeness of the alignments decreased, and instead was dependent
on the number of taxa in the alignment. In general, the ability of all test statistics to detect
changes in treelikeness decreased when the number of trees in an alignment increased above
10 — 20 trees (Figure 6). Some test statistics performed successfully up to 50 trees, such as

the mean site concordance factor and the proportion of treelike alignments.
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Random Tree Simulations
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Figure 6: Treelikeness test statistic values for alignments with decreasing treelikeness due to
an increasing number of random concatenated trees.

The y axis differs for each test statistic. Each line is a smoothed conditional mean calculated
using locally estimated scatterplot smoothing and the formula y~x. The light gray bands
represent the 95% confidence intervals for each line. The x-axis is shown on alog10 scale to
better depict the large range in the number of trees variable. Each column is a different tree
depth (in substitutions per site), and each row is a different test statistic. ‘sCF’ is the site
concordance factor.
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1.5.2 Introgression Simulations
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Figure 7: Treelikeness test statistic results for alignments with one ancient introgression event
and a speciation rate of 1.

The y axis differs for each test statistic. The proportion of recombinant DNA ranged from 0 to

0.5 (half the alighment), and as the proportion of recombinant DNA increases the treelikeness
of the alignment decreases. Each line is a smoothed conditional mean calculated using locally
estimated scatterplot smoothing and the formula y~x. The light grey bands represent the 95%
confidence intervals for each line. Each column is a different tree age (in millions of years), and
each row is a different test statistic.
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In general, most test statistics were unable to detect decreased treelikeness under a single
ancient introgression event (Figure 7, Supplementary Figure 1). Most test statistics performed
best when the tree age was high (500 Myr) and when the speciation rate was 1. At large tree
ages (500 Myr), four of the test statistics varied in value as the proportion of introgressed DNA
reached 50%: Cunningham metric, mean § value, proportion of resolved quartets (calculated
from likelihood mapping), and mean site concordance factor (Figure 7, Supplementary Figure
1). When the speciation rate was 1 and the tree age was moderate or high (50 or 500 Myr),
the tree proportion decreased slightly as the proportion of introgressed DNA increased. The

mean Q-residual value did not respond consistently to decreasing treelikeness.

The ability to detect decreased treelikeness due to a single recent introgression event varied
(Figure 8, Supplementary Figure 2). The test statistic with the largest difference in value as the
proportion of recombinant DNA increased was the proportion of treelike alignments (calculated
from the network treelikeness test). The proportion of treelike alignments performed best when
the tree age was low (5 Myr), or the speciation rate was low (0.1). Both the tree proportion and
the mean § value varied as the proportion of recombinant DNA increased. The magnitude of
change in test statistic value was highest for alignments with 5 or 10 taxa and there was very
little change in test statistic value for alignments with 50 or 100 taxa. Neither the Cunningham
metric, the mean Q-residual, or the proportion of resolved quartets (calculated from the
likelihood mapping) varied substantially as the proportion of recombinant DNA increase. At low
to moderate tree ages (5 or 50 Myr) and low numbers of taxa, the mean site concordance
factor monotonically decreased as the proportion of recombinant DNA in the alignments
increased. Otherwise, both the mean TIGER value and the mean site concordance factor
showed a non-monotonic response, but the overall value for these two test statistics was more
dependent on tree age or the number of taxa then the proportion of recombinant DNA (Figure
8, Supplementary Figure 2).
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Figure 8: Treelikeness test statistic results for alignments with one recent introgression event
and a speciation rate of 1.

The y axis differs for each test statistic. The proportion of recombinant DNA ranged from 0 to
0.5 (half the alighment), and as the proportion of recombinant DNA increases the treelikeness
of the alignment decreases. Each line is a smoothed conditional mean calculated using locally
estimated scatterplot smoothing and the formula y~x. The light grey bands represent the 95%
confidence intervals for each line. Each column is a different tree age (in millions of years), and
each row is a different test statistic.
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1.5.3 Empirical Analysis

| identified three tests that showed consistent monotonic changes in test statistic value across
the simulations: tree proportion, mean sCF, and mean §q value. Each of these test statistics
performed better under the random tree simulations, but each performed well under a subset
of parameters for the introgression simulations. | applied each of these three test statistics
along with a parametric bootstrap with 100 replicates to every gene in two empirical datasets.
| selected datasets previously used to estimate the metazoan tree of life: the first from Whelan
et al. (2017a), and a version of this first dataset edited by McCarthy et al. (2023) to remove
genes with insufficient evidence of orthology. | call these the “original” dataset and the
“orthology-enriched” dataset respectively. The mean tree proportion was significantly higher
(i.e., more treelike) in the orthology-enriched dataset (0.7485) then in the original dataset
(0.7166) (Figure 9, p=7E-04). Similarly, mean &4 values were lower (i.e., more treelike) in the
orthology-enriched dataset (mean test statistic value of 0.3647) than in the original dataset
(mean test statistic value of 0.3844) (Figure 9a, p=2E-03). The mean SCF values did not differ
significantly in the two datasets (sCF of 52.34 in the original dataset, and 52.03 in the
orthology-enriched dataset; p=0.6). The parametric bootstrap shows that proportion of genes
for which treelikeness could be rejected (p < 0.05) was very similar between both datasets
(Figure 9bc), regardless of the test statistic used. However, the tree proportion rejected the

hypothesis of treelikeness far less often than the other two test statistics.
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Figure 9: Applying tree proportion, mean sCF and the mean & plot value to 2 empirical
alignments.

“Original dataset”, refers to the Metazao_Choano_RCFV_strict.phy alignment (Whelan et al.
2017a). The “Orthology-enriched dataset” is an edited version of the original dataset where
genes with insufficient orthologous signal were removed (McCarthy et al. 2023).

a) Distribution of the test statistic values for three best-performing test statistic values
identified from the simulation study (tree proportion, mean sCF and mean & plot value). Each
test statistic was applied to each gene from the original and orthology-enriched datasets. The
original dataset has 117 genes, whereas the orthology-enriched dataset has 42 genes. To make
the range of all test statistics 0 — 1, for this plot site concordance values were divided by 100.
ns: p>0.05, *: p <=0.05, **: p <= 0.01, ***: p <= 0.001.

b) Stacked bar chart showing p-values (calculated from parametric bootstrap) for each gene
and each test statistic in the Original dataset. Genes with a statistically significant p-value (p <
0.05) reject the null hypothesis of treelikeness. Genes with a not significant p-value (p > 0.05)
accept the null hypothesis of treelikeness

c¢) Stacked bar chart showing p-values (calculated from parametric bootstrap) for each gene
and each test statistic in the Orthology-enriched dataset.
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1.6 Discussion

This chapter aims to benchmark test statistics for quantifying treelikeness, to facilitate selection
of appropriate methods for phylogenetic tree estimation. In this chapter, | used two kinds of
simulations to assess the performance of a range of methods that have been applied to
guantify treelikeness, as well as a new approach which | call the tree proportion. The best
performing test statistics in my simulations were tree proportion, SCF and mean §, values.
However, the performance of all test statistics differed substantially under the different
simulation conditions. 1 first discuss the methods that performed poorly in my simulations,

before discussing the methods that performed well and my empirical analysis.

As the Network Treelikeness Test of Huson and Bryant (2006) returns a binary result (i.e.,
either treelike or non-treelike), the treelikeness of individual alignments cannot be quantified
using this test. In addition, the power to accurately determine the treelikeness of any particular
alignment was inconsistent. This limited power to classify any individual alignment as treelike
was previously noted by Huson and Bryant (2006), who rejected this test as a test statistic for

treelikeness.

The Cunningham metric performed particularly poorly as a test of treelikeness. The
Cunningham metric considers pairwise distances between taxa, which includes terminal
branches. If the terminal branches are a large proportion of the distance, the Cunningham
metric will have low power to detect decreased treelikeness. This limits the usefulness of the
Cunningham metric as a general measure for treelikeness, as test statistic values cannot be
directly compared for clades with different terminal branch lengths. In addition, calculating the
Cunningham metric requires estimating a phylogenetic tree. The Cunningham metric value will
be dependent on the method and model used for tree estimation, which may bias the pairwise
distance matrix calculated from the tree. Estimating a tree will also increase the time and
computational resources required to estimate the Cunningham metric, particularly for large

datasets.

Likelihood mapping was designed to visualize phylogenetic signal within an alignment
(Strimmer and von Haeseler 1997), and previous studies have applied this method to assess
the phylogenetic signal of an alignment or support of individual branches within a tree (Nikolaev
et al. 2007; Skaloud and Peksa 2010; Kim et al. 2013; Vanhove et al. 2015; Vdacny 2017;
Prasanna et al. 2020; Cunha et al. 2022). In my simulations, | used the proportion of treelike
guartets as a proxy for treelikeness and found no correlation between the proportion of treelike

guartets and simulated treelikeness. One reason for this is that an alignment may have a high
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proportion of resolved quartets but a low treelikeness, if the resolved quartets support
conflicting relationships. In addition, the proportion of quartets affected by a single recent
introgression event is low — only the quartets that contain both taxa impacted by the
introgression event will be impacted, which is a relatively small proportion of quartets especially
for larger trees. This occurs as individual quartets may be perfectly treelike, despite the
presence of a introgression event (i.e., a recombination breakpoint) within the alignment. Given
a tree with n tips and a single recent introgression event between two taxa, the probability of
selecting a quartet that is not impacted by the introgression event (i.e., a quartet that does not

contain either taxon involved in the introgression event) is:

(™MD @m-2 NECEO]
P= ™ 4rm-2+) n!

As the number of taxa in an alignment n increases, the proportion of probability of selecting a
guartet not impacted by the introgression event increases — at 10 taxa p = 0.333, and at 100
taxa p = 0.921. The results of likelihood mapping are therefore dependent on both the number
of taxa, and the number of taxa involved in events that cause decreased treelikeness. The
proportion of treelike quartets therefore cannot accurately quantify the treelikeness of the
alignments simulated in this study. Adding additional introgression events complicates this
calculation, but given the number of taxa included in modern phylogenomic studies it's
reasonable to assume the overall proportion of treelike quartets remains low. However,
likelihood mapping is a useful visualisation tool for understanding the treelikeness of quartets

within an alignment, especially when used in conjunction with other methods.

TIGER was originally designed to detect rapidly evolving sites by binning sites based on the
site-wise TIGER values, reducing noise and homoplasy by leaving only slowly evolving
homologous sites (Cummins and Mclnerney 2011). | found that TIGER did not correlate with
treelikeness in either of my simulation scenarios. However, | found increasing the number of
taxa in an alignment or the tree age lowered the power of the TIGER test in my simulation
studies, as the number of sites with identical site patterns consequently decreased. Previous
studies applying the TIGER test to remove fast-evolving sites observed loss of phylogenetic
signal in the filtered alignments (Sharma et al. 2015; Simmons and Gatesy 2015; Klimov et al.
2018), consistent with the idea that filtering sites using TIGER values did not increase
treelikeness. Considering these previous analyses and my simulations, | do not recommend

TIGER as a test statistic for treelikeness.
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Q-residual values represent the treelikeness of each quartet, and have been used as a proxy
for treelikeness in linguistic (Gray et al. 2010; Lee and Hasegawa 2013; Syrjanen et al. 2021)
and biological datasets (Crouch 2014). | found that mean Q-residual performed poorly for the
introgression simulations. For the random tree simulations, the Q-residual increased in value
as the number of trees increased, but after ~10 random evolutionary histories were present in
the alignment, the Q-residual value decreased. This is a limitation of the test statistic to detect
the constant monotonic increase in the number of evolutionary histories present within a single
alignment. This limitation may arise as the Q-residual includes only the largest two out of the
three sums of the path lengths within a quartet, compared to the § plot method which considers
all three distances and performed well in my simulations. My simulations and previous
comparisons of the two metrics on linguistic datasets (Gray et al. 2010; Holman et al. 2011;
Syrjanen et al. 2021) find that §4 values are a better measure of treelikeness than Q-residuals.
Additionally, Holman et. al. (2011) find the Q-residual values are sensitive to the length of the
terminal branches of a quartet, whereas &4 values are not. These results and my chapter

together suggest that § plots are more useful as measures of treelikeness than Q-residuals.

The three best performing test statistics in my simulations were § plots, sCFs, and tree
proportion. The § plot method has previously been applied to estimate the treelikeness of
empirical phylogenetic alignments (Goker and Grimm 2008; Hernandez-Lépez et al. 2013;
Folk et al. 2017; Charr et al. 2020). | found that mean &4 performed well as a test statistic for
treelikeness for the random tree simulations. The § plot method calculates the treelikeness of
each quartet in an alignment, which results in a single introgression being included in multiple
guartets, making detection of a single reticulation event possible when calculating the mean
dq value. My simulations found the absolute §4 value for treelike alignments depends on the
number of taxa, tree age and speciation rate. Several factors contribute to this result. First,
although a single introgression event will be included in many quartets, the proportion of
guartets affected will decrease as the total number of taxa increases, resulting in less change
to the mean §4. Second, as the tree age increases, the number of substitutions on each branch
increases, resulting in a higher initial 54 value as the increased substitutions result in increased
guartet treelikeness. Finally, the timing of speciation events within the tree will impact the initial
dq vValue, with trees where speciation events are placed closer to the root have more time to

diverge, resulting in higher mean §, values.

The mean sCF performed well as a test for treelikeness for the random tree simulations,
although the initial mean sCF (when the number of trees is 1) decreases as the tree depth

increases. This is likely due to homoplasy as recurrent mutations decrease phylogenetic signal
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(Mossel and Steel 2005), reducing the proportion of decisive sites concordant with each branch
in the tree and thus the sCF value. | note that this suggests that despite a recent update to the
way that the sCF is calculated (Mo et al. 2023) this change does not render the sCF completely
immune to the effects of homoplasy. In this chapter | investigated the use of mean sCF for
guantifying treelikeness, but concordance factors (CFs) can also be used to quantify
topological variation and investigate evolutionary processes (Baum 2007; Lanfear and Hahn
2024). Previously, gene and site CFs have been used to assess patterns of concordance and
discordance at different branches within the phylogenies of the Primates (Vanderpool et al.
2020b), the carnivorous plant clade Nepenthaceae (Murphy et al. 2020), the wasp clade
Chalcidoidea (Cruaud et al. 2024) and the Golden-backed frogs (Chan et al. 2020). Finally, as
sCFs represent topological variation rather than sampling variation, increases in dataset size
do not impact sCF values as much as bootstrap support or posterior probabilities. Larger
datasets have less sampling variance, and therefore consistently high branch support values
(Thomson and Brown 2022; Lanfear and Hahn 2024). In summary, sCFs are a useful tool for

assessing phylogenetic signal more generally, and treelikeness more specifically.

Tree proportion performed well for the random tree simulations under all conditions. Tree
proportion was also able to detect decreased treelikeness in the introgression simulations for
certain combinations of tree age and speciation rate. For the recent introgression simulations,
tree proportion performed best when the number of taxa or the tree age was low. This is
expected, because a single introgression event will have a higher proportional impact on the
tree proportion statistic when there are fewer taxa in the tree, and when the tree is shorter. In
this chapter, tree proportion was calculated using a Neighbor-Net network, which could only
capture the two conflicting splits with the highest weights, even if those weights represented a
small proportion of either the total phylogenetic signal or the total number of splits.
Consequently, the maximum spanning tree included around half of the splits from the
Neighbor-Net network, resulting in a minimum tree proportion value of 0.5 as seen in my
random tree simulations. Implementing tree proportion using a triplet or quartet phylogenetic
network method could increase the proportion of phylogenetic signal from the alignment
present in the network, as networks estimated using the quartet methods QNet or FlatNJ have
more splits than those estimated from the same data using Neighbor-Net (Grinewald et al.
2007; Balvocuté et al. 2014).

Our simulations included alignments with varying treelikeness, number of taxa, tree depths
and introgression events. Future work could investigate further modelling of biologically
realistic evolutionary histories, particularly in the space between the two extremes investigated

in this chapter or by determining the adequacy of treelikeness tests for clades with complex
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evolutionary histories. My random tree simulations represent the most extreme case of
decreased treelikeness: each tree is randomly generated, and non-recombining regions of the
alignment are as short as 1bp. While single genes in empirical datasets do contain multiple
evolutionary histories (Mendes and Hahn 2016; Scornavacca and Galtier 2017; Mendes et al.
2019; Smith et al. 2020), those evolutionary histories are unlikely to be completely random.
However, testing the adequacy of treelikeness metrics under the most extreme case is useful,
as tests that cannot detect dramatic changes in treelikeness are unlikely to detect more subtle
variations. On the other end of the spectrum, my introgression simulations were limited to a
single introgression event. Empirical phylogenetic datasets can contain complex patterns of
reticulation such as the multiple introgression events present within the tomato (Pease et al.
2016a) or butterfly clades (Edelman et al. 2019), or the combination of ancient and recent

introgression events present within the primates (Vanderpool et al. 2020b).

| applied the three best-performing tests for treelikeness (tree proportion, sCFs, and § plots)
with a parametric bootstrap to two empirical datasets: the amino acid dataset of Whelan et al.
(2017a, 2017b), and a filtered version of that dataset with misidentified orthologs removed
(McCarthy 2022; McCarthy et al. 2023). For both datasets, most genes (> 94%) were classified
as non-treelike by the sCF and mean §, test statistics, while far fewer were classified as non-
treelike by tree proportion: 43.6% for the original dataset and 35.7% for the orthology-enriched
dataset. Metazoan datasets contain substantial conflicting phylogenetic signal, with 42.5 —
69.7% of genes and 39.8 — 56.9% of sites from 8 datasets supporting Ctenophores as the
sister to all other animals, with other genes and sites supporting alternate topologies (Shen et
al. 2017). Other studies have shown that single genes contain multiple evolutionary histories
(Scornavacca and Galtier 2017; Mendes et al. 2019), including Smith et al. (2020) who found
between 0.6 and 100% of genes from 13 empirical datasets contained intragenic conflict.
These results strongly suggest that the treelikeness assumption is violated in empirical data,
raising the question of whether current tree inference methods could be improved in the face

of such common non-treelikeness.

| performed two classes of introgression simulations in this chapter. To compare the
simulations with results from existing studies, both tree depth and the number of species need
to be considered. The three simulation depths were selected to be around 5 Myr (based on
the Human-Chimp-Gorilla clade, or more generally a clade of closely related species), 50 Myr
(the Primate clade, or more generally at the taxonomic level of Order), and 500 Myr (the
animals, or more generally at the taxonomic level of Kingdom). This approach allows me to
capture a broad range of phylogenetic analyses. For example, one set of introgression

simulations included 100 taxa and a tree depth of 5 Myr. Large, shallow phylogenies are
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common in epidemiology and public health (Hadfield et al. 2018; Li et al. 2020a). For example,
during the recent coronavirus pandemic, millions of viral sequences were collected over a 5
year period (Oude Munnink et al. 2021). Epidemiological datasets contain a number of
samples several magnitudes higher and timescales several magnitudes lower than the
empirical metazoan datasets analysed in this chapter. The other extreme case for
introgression simulations in this chapter is a deep phylogeny (500 Myr) with 5 or less taxa. Due
to the massive amounts of genetic sequence data available for modern phylogenetic studies
(Kapli et al. 2020), most modern phylogenetic studies would include more than 5 taxa. Even
early phylogenetic analyses of the animal tree of life included >20 taxa, although these

analyses were limited to a handful of loci.

In my recent introgression simulations, each introgression event was restricted temporally but
the relationship between tips involved in the introgression event were not fixed. As such, any
pair of tips in the tree could have a recent introgression event added, as long as the pair of tips
involved did not form a cherry (i.e., a pair of sister tips). Introgression has been detected in a
range of organisms: the dabbling duck genus Anas (Lavretsky et al. 2014); the macaque genus
Macaca (Vanderpool et al. 2020b); the cat genus Felidae (Li et al. 2019); Chinese horseshoe
bats (Mao et al. 2017); the North American whiptail lizards (Barley et al. 2022); the butterfly
genus Heliconius (Thawornwattana et al. 2022); the fruit fly genus Drosophila (Suvorov et al.
2022); the tomato clade (Hibbins and Hahn 2021); the carnivorous pitcher plant genus
Nepenthes (Scharmann et al. 2021); and the baobabs (Karimi et al. 2019). Within these
examples, there’s variation in the number of species involved in introgression events,
relationship between species involved in an introgression event, and proportion of introgressed
DNA. Introgression between closely-related species is well documented, such as the
introgression between three macaque species identified by Vanderpool et al. (2020b) or the
erato-sara clade of Heliconius butterflies (Thawornwattana et al. 2022). This case occurs in
my introgression simulations when the randomly selected pair of tips are closely related.
Introgression events can also happen between more distantly related taxa. For example,
Lavretsky et al. (2014) studied the mallard complex consisting of around 20 species and
subspecies of the dabbling duck genes Anas, and found the mallard had undergone extensive
hybridisation with duck species from across the world. In the 20-taxon case for my recent
introgression simulations, this would be equivalent to allowing an introgression event between
any pair of taxa. For the larger cases of 50 and 100 taxa, my simulations are more similar to
introgression observed in Eucalypts. Eucalypts are a group of more than 700 Australian trees
and shrubs, currently separated into 7 genera (Crisp et al. 2024). Eucalypts are known to

hybridise, and over 1300 agricultural hybrid clones of Eucalyptus species have been
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developed (Dale and Dieters 2007). In an agricultural breeding program aiming to develop salt
and drought tolerant hybrids, the species Eucalyptus camaldulensis was crossed with the
species Eucalyptus grandis and Eucalyptus globulus (Dale and Dieters 2007). Each of these
species is in different sects of the Eucalyptus genus (Crisp et al. 2024). By not restricting the
relationship between taxa undergoing an introgression event in my simulations, | have been

able to reflect the diversity of introgression events from the natural world.

In this chapter, | introduced a new metric for quantifying treelikeness called the tree proportion.
I found that the tree proportion performed well in simulations with large decreases in
treelikeness but had limited ability to detect the small decrease in treelikeness caused by a
single introgression event. The tree proportion has several strengths. First, the method is tree
independent. By estimating the maximum spanning tree using a modified version of Kruskal's
algorithm (Kruskal 1956), the tree proportion is a measure of the maximum proportion of
relationships in an alignment that can be captured by a tree, given a particular network
representation of that alignment. Second, the tree proportion is easy to interpret. a tree
proportion value of 1 indicates that the alignment is perfectly treelike, and the tree proportion
decreases as the level of conflicting signal within an alignment increases. Finally, by removing
the trivial splits present in both the phylogenetic network and the maximum spanning tree, the
tree proportion is limited to conflicting signals within the phylogenetic network. | recommend
applying a parametric bootstrap with at least 100 replicate alignments, to provide context to
the tree proportion by accounting for factors including tree topology, model of evolution,

number of sites, and position of gaps or unknown sites.

Each of the test statistics in this chapter are calculated from an alignment. These test statistics
are therefore susceptible to alignment error, which can be substantial. Liu et al. (2011) applied
a range of sequence alignment software to 6 datasets (ranging from 117-1028 taxa and 4722—
10,738 sites) and measured the error rate, which they defined as the proportion of truly
homologous pairs of nucleotides (defined by the reference alignment) that are missing in the
estimated alignment. They found alignment error rates of 23—40%, depending on the choice
of software and dataset (Liu et al. 2011). Given these results, it's reasonable to assume that
the majority of empirical phylogenetic datasets contain some level of alignment error. The
extent to which each test statistic is both impacted by alignment error and able to detect
alignment error depends on the underlying approach of each method. Tree proportion is
agnostic to the source of decreased treelikeness, but as the method relies upon a split network
the tree proportion is limited to detecting only events that introduce splits into the split network.
Small errors in alignment are therefore unlikely to be detected by the tree proportion. However,

error on the scale of 20—40% as in Liu et al. (2011) may be identified. Simulations would be
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necessary to benchmark performance of the tree proportion under different levels of alignment

error.

This chapter provides a framework for empiricists to make informed choices about the
appropriate phylogenetic pipeline for different datasets. Many studies have applied the metrics
for treelikeness in this chapter (Nikolaev et al. 2007; Skaloud and Peksa 2010; Kim et al. 2013;
Vanhove et al. 2015; Vdacny 2017; Prasanna et al. 2020; Cunha et al. 2022), demonstrating
the general desire to investigate phylogenetic datasets and select appropriate phylogenetic
methods. However, until now there has been no empirical approach to facilitate selection of
one of the many existing metrics for treelikeness. This chapter is a starting point to establishing
a comprehensive testing suite to assess systematic bias in phylogenetic datasets. In this
chapter | focused on benchmarking test statistics for treelikeness in a particular context, i.e.,
loci that have multiple underlying tree topologies. However, there are several causes of non-
treelikeness including hybridisation and incomplete lineage sorting. Ideally, this chapter will be
used in conjunction with other methods designed specifically for biological processes such as
recombination (Etherington et al. 2005; Bruen et al. 2006; Kosakovsky Pond et al. 2006; Martin
et al. 2015; Blischak et al. 2018; Lam et al. 2018); introgression (Patterson et al. 2012; Pfeifer
and Kapan 2019; Hibbins and Hahn 2022); and incomplete lineage sorting (DeBiasse et al.
2014; Kuritzin et al. 2016; Rosenzweig et al. 2022). The results of the testing suite will then
inform the tree inference process. For example, these tests may inform selection of substitution
models such as GHOST (Crotty et al. 2020) which accommodates heterotachous evolutionary
processes, or use of Qmaker (Minh et al. 2021) or nQmaker (Dang et al. 2022) to infer a
substitution model specifically for that dataset. Alternatively, alignments with hybridisation or
recombination events would benefit from explicit network inference methods such as SNaQ
(Solis-Lemus et al. 2017) or NetRAX (Lutteropp et al. 2022).

An important stage in the phylogenetic pipeline is testing the underlying assumptions of the
phylogenetic model prior to tree estimation (Misof et al. 2014; Jermiin et al. 2020). Testing the
treelikeness of an alignment allows the data to reject the underlying model assumptions and
helps inform selection of tree estimation methods. For example, alignments with low
treelikeness could benefit from analysis with models that relax the treelikeness assumption,
such as the MAST (Wong et al. 2024) or GHOST (Crotty et al. 2020) models, or the use of
coalescent and species network models if individual loci are shown to be treelike (Solis-Lemus
and Ané 2016; Solis-Lemus et al. 2017; Flouri et al. 2018; Wen et al. 2018; Zhang et al. 2018a;
Rannala et al. 2020; Douglas et al. 2022). | hope this chapter facilitates assessment of
treelikeness prior to tree estimation and serves as an aid for selecting tests for treelikeness

based on the characteristics of individual datasets.
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1.7 Data Availability Statement

All code to replicate these analyses are available from the GitHub repository for this project
(https://github.com/caitlinch/treelikeness-metrics). Results are available at the Figshare
repository  (https://doi.org/10.6084/m9.figshare.26054467) which includes simulation

parameters, simulation results, gene alignments, test statistic values for individual genes, and
parametric bootstrap results. The empirical datasets used in this study were obtained from the
data repositories of the original publications: from Figshare for the Whelan et al. (2017b)
dataset (https://doi.org/10.6084/m9.figshare.4484138.v1); and from Github for the McCarthy
et al. (2023) enriched orthology dataset (https://github.com/chmccarthy/ATOLRootStudy).

Implementations of treelikeness metrics applied in this study were obtained from the following
locations: likelihood mapping is implemented within 1Q-Tree2 (Strimmer and von Haeseler
1997; Minh et al. 2020b), available at http://www.igtree.org/; Q-residuals were implemented
using Phylogemetric v1.0.0 (Greenhill 20186, 2021), available at

https://github.com/SimonGreenhill/phylogemetric; & plots were implemented using the

“delta.plot” function from R package ape v5.6.2 (Paradis et al. 2004, Paradis and Schliep
2019), available at https://cran.r-project.org/web/packages/ape/index.html; the Network

Treelikeness Test was calculated using tools in SplitsTree4 v4.18.2 (Huson 1998; Huson and

Bryant 2006, 2022), available at https://software-ab.cs.uni-

tuebingen.de/download/splitstree4/welcome.html; site concordance factors were implemented

using IQ-Tree (Minh et al. 2020a; Mo et al. 2023), available at http://www.igtree.org/; and
TIGER was implemented in fast-TIGER (Frandsen 2015), available at
https://github.com/pbfrandsen/fast TIGER.
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1.9 Supplementary Figures
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Supplementary Figure 1: Treelikeness test statistic results for alignments with one ancient
introgression event and a speciation rate of 0.1.

The y axis differs for each test statistic. The proportion of recombinant DNA ranged from 0 to
0.5 (half the alignment), and as the proportion of recombinant DNA increases the treelikeness
of the alignment decreases. Each line is a smoothed conditional mean calculated using locally
estimated scatterplot smoothing and the formula y~x. The light grey bands represent the 95%
confidence intervals for each line. Each column is a different tree age (in millions of years), and
each row is a different test statistic.
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Supplementary Figure 2: Treelikeness test statistic results for alignments with one recent
introgression event and a speciation rate of 0.1.

The y axis differs for each test statistic. The proportion of recombinant DNA ranged from 0 to
0.5 (half the alighment), and as the proportion of recombinant DNA increases the treelikeness
of the alignment decreases. Each line is a smoothed conditional mean calculated using locally
estimated scatterplot smoothing and the formula y~x. The light grey bands represent the 95%
confidence intervals for each line. Each column is a different tree age (in millions of years), and
each row is a different test statistic.
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Removing Recombinant Loci has Minimal Impact On Species Tree Topologies ...

2.1 Abstract

Many methods for inferring phylogenetic trees assume that there is no within-locus
recombination, but this assumption is rarely tested in empirical analyses. Including loci that
violate this assumption in species tree estimation may impact the accuracy of the resulting
species trees by affecting the gene trees from which they are estimated. In theory, species
trees estimated from gene trees using summary methods will be more impacted than those
estimated using concatenation methods. In this chapter, | ask whether excluding loci that show
evidence of recombination changes the conclusions of phylogenetic analyses from empirical
datasets. To do this, | apply three tests for recombination (PHI, MaxChi and GENECONV) to
four empirical phylogenetic datasets and estimate trees using both concatenation and

summary (also known as two-step or gene tree/species tree) methods.

Our results suggest that filtering loci for evidence of recombination sometimes results in highly
supported differences between trees. In some cases, excluding putatively recombinant loci
resulted in several biologically meaningful differences in tree topology. However, for almost all
combinations of dataset and test for recombination, filtering resulted in minimal differences in

branch length, branch support values, or quartet concordance factors.

Continued development and use of Multi-species Coalescent Network methods, and/or testing
for recombinant loci prior to applying other species-tree estimation methods, is likely to improve
the accuracy of phylogenetic inferences for summary methods in cases where introgression

and concatalescence have been prevalent.

Keywords: Systematic bias, Treelikeness, Phylogenomics, Reticulate evolution, Phylogenetic

methods, Data filtering

2.2 Introduction

Phylogenomic datasets are getting larger due to advances in sequencing and computing
technology. As datasets increase in size they also increase in complexity, because larger
datasets capture more biological processes that result in heterogeneous signals across the
genome (Bravo et al. 2019). Phylogenetic models capture key details of biological processes
but are nevertheless simplifications of the true complexity of evolution. This simplification can
sometimes lead to systematic bias when model assumptions are violated by empirical data
(Brown and Thomson 2018). To detect and reduce systematic bias, the data should ideally be

allowed to reject the model when the model assumptions are violated (Penny 1982; Goldman
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1993). However, this step is sometimes missing from phylogenetic protocols (Jermiin et al.
2020).

Most phylogenetic methods make assumptions about the absence of recombination in
alignments. In concatenation approaches, alignments are combined across all loci in the
dataset, and it is assumed that all sites in all loci share a common evolutionary history. This
assumption is violated by empirical data when evolutionary histories vary between or within
loci due to biological processes such as horizontal gene transfer, introgression, and incomplete
lineage sorting (ILS) (Dasmahapatra et al. 2012; Mallet et al. 2016; Edelman et al. 2019).
Coalescent approaches use stochastic methods to describe the how the genealogical
relationships between species or individuals may have arisen from a common ancestor (Liu et
al. 2015b). These methods incorporate gene tree heterogeneity due to ILS by allowing each
gene to have a different tree topology and estimating the species tree under a model that
explicitly accounts for ILS among loci. These methods can be single step, where gene trees
and the species tree are simultaneously estimated, or summary methods (also known as two-
step or gene/tree species tree methods), where gene trees are estimated and then used as
input data to estimate a species tree (Liu et al. 2015b; Bryant and Hahn 2020). This allows
coalescent methods to account for one of the processes (ILS) that can cause evolutionary
histories to vary between loci. However, these methods still assume that the evolutionary

history of each locus can be described by a single tree.

Recombination within loci can cause different regions within the same locus to have different
evolutionary histories (Scornavacca and Galtier 2017; Mendes et al. 2019; Smith et al. 2020),
which could impact tree topology as well as measures of support and concordance. However,
removing gene trees estimated from recombinant genes may impact the measures of branch
support (e.g., posterior probability or bootstrap values), measures of variation (e.g.,
concordance factors (Baum 2007; Lanfear and Hahn 2024)) and branch lengths (such as those
in ASTRAL estimated from quartet concordance factors (Sayyari and Mirarab 2016)).
Conversely, | expect removing genes with evidence of recombination to have little impact on
concatenated tree topology (i.e., the topology of the tree estimated using a concatenation
method). Concatenation methods assume from the outset that a single tree is sufficient to
represent the evolutionary history of all loci, which will often result in them identifying the tree
supported by the majority of phylogenetically informative sites (Mendes and Hahn 2018; Bryant
and Hahn 2020). These methods do not incorporate within- or between-locus recombination,
so removing recombinant genes will reduce the sample size, but providing that there is
sufficient phylogenetic signal within the remaining genes, there should be little impact on tree

topology estimated from concatenation methods.
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Using single-locus alignments which contain multiple evolutionary histories in coalescent
analyses has been called “concatalescence”, and violates the underlying assumptions of the
multispecies coalescent (MSC) model (Gatesy and Springer 2013, 2014; Springer and Gatesy
2016). Concatalescence may be a relatively minor problem for phylogenetic datasets in which
recombination is rare, such as datasets that use short loci, cover short timescales, and for
which recombination is rare in the sampled loci. However, other datasets may be more prone
to concatalescence. For example, datasets which use protein-coding genes often form loci by
concatenating exons that can be hundreds of thousands of base pairs apart in the genome,
and the samples may cover huge timescales (e.g. hundreds of millions of years). Both of these
factors increase the probability of recombination occurring within a single-locus alignment
(Gatesy and Springer 2013, 2014; Springer and Gatesy 2016; Scornavacca and Galtier 2017).
Including concatalescent genes in coalescent phylogenetic analyses violates the underlying
assumptions of the method and could result in inaccurate species trees. One option is
therefore to attempt to filter out loci with evidence of recombination prior to species tree

inference.

Previous work investigating the effect of including recombinant loci in Bayesian coalescent
species tree analyses found that including recombinant loci resulted in a weak negative effect
on the accuracy of species tree estimation, but the increase in accuracy due to adding more
loci always outweighed any decrease from adding recombinant loci (Lanier and Knowles
2012). However, these simulations have been criticized for underestimating recombination
rates and missing simulations for deep phylogenetic relationships (Gatesy and Springer 2014;
Springer and Gatesy 2018). An empirical investigation using into the phylogeny of the mallard
complex compared Bayesian trees (estimated in *BEAST) from both an unfiltered dataset and
a filtered dataset made of putatively non-recombinant loci, and found that while some clades
were recovered identically in both analyses, the placement of a number of taxa varied between
the two trees (Lavretsky et al. 2014). However, the dataset for this study was small (64
individuals from 16 operational taxonomic units and 20 nuclear loci), so differences in topology
between the two trees could also be due to differences in the sampling between the filtered
and unfiltered datasets. Another study on the phylogeny of the Ecuadorian plant Lachemilla
found that all phylogenetic analyses recovered the same four major clades, but differences in
tree estimation method (concatenated tree estimated in RAXML or summary trees estimated
using ASTRAL, MP-EST or SVDquartets) and data filtering (whole dataset; hybrid species
removed; or hybrid species and putatively recombinant loci removed) resulted in different
relationships between clades (Morales-Briones et al. 2018). Thus, previous work certainly

demonstrates that recombination has the potential to affect species tree accuracy, but more
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work is needed to clarify the generality of these conclusions, and the extent to which they

depend on how putatively recombinant loci are detected.

In this chapter, | evaluate the impact of detecting and removing putatively recombinant loci on
species tree estimation for three recombination detection methods and four empirical
phylogenetic datasets. The datasets were carefully selected to represent different phylogenetic
depths and recombination rates. For each dataset | estimate species trees using concatenation
(IQ-TREE) and summary (ASTRAL) methods, using either the whole dataset or the putatively
recombinant/non-recombinant sets of loci as identified by each of the three recombination
detection methods | consider. | compare the resulting trees and calculate the adequacy of each
tree using either the approximate unbiased (AU) test for concatenated trees (Shimodaira 2002)
or the goodness of fit test for species trees (Stenz et al. 2015; Cai and Ané 2021). My results
suggest that filtering loci for evidence of recombination sometimes results in highly supported
differences between trees. Filtering putatively recombinant loci had a greater impact on
summary trees estimated in ASTRAL than on concatenated trees for 3 datasets, but the
opposite pattern was observed for the largest dataset of green plants. In all but one analyses,
removing putatively recombinant loci did not result in statistically significant differences in

branch support value, branch length, or quartet concordance factor.
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2.3 Materials and Methods

| selected four empirical datasets where within-locus recombination was likely to be an issue.
| applied three different tests for recombination to each locus. For each test, | split the loci into
two subsets depending on whether each locus passed or failed that test. | then estimated
species trees from each subset of loci using both concatenation and summary tree methods.
Finally, for all the trees estimated from each dataset | compared the tree topology, branch
lengths, and support values to determine the effects of removing putatively recombinant loci
on tree estimation. For the summary trees, | also estimated and compared the quartet

concordance factors.

2.3.1 Dataset and Locus Selection

| selected four empirical transcriptome datasets where each locus was made up of long loci
(e.g., large genomic regions or concatenated exons) such that within-locus recombination was
likely to be an issue. The four datasets comprise both two evolutionarily deep and two shallow
clades, one each from both plants and animals. (Pease et al. 2016a; Whelan et al. 2017a;
Leebens-Mack et al. 2019a; Vanderpool et al. 2020b). | defined shallow datasets as
encompassing a single order or genus with a common ancestor within the last 100 million
years. | defined deep datasets as those encompassing a large clade or kingdom with a
common ancestor around 500-1000 million years ago. | chose two shallow datasets with
evidence of recent introgression: a Primate dataset (Vanderpool et al. 2020b) and a Tomato
dataset (Pease et al. 2016a). In addition, | selected two deep datasets which had previously
been analysed to investigate the relationships between well-established clades: Plants
(Leebens-Mack et al. 2019a) and Metazoans (Whelan et al. 2017a). This allowed me to
compare the differences of the impacts of gene-filtering on topology estimation at different

time scales and in different clades.

| assessed each locus in each dataset for inclusion in downstream analyses. | sought to
exclude loci which may have strong effects on species tree estimation that may be independent
of the inclusion or exclusion of putatively recombinant loci. To do this, | estimated a gene tree
from each locus in each dataset using IQ-TREE (Nguyen et al. 2015; Minh et al. 2020b). | then
excluded loci that were flagged by 1Q-TREE during gene tree estimation with warnings that
could have follow-on effects on tree estimation such as: if estimated model parameters were
at a boundary that could cause numerical instability; if saturated sites led to a very long branch

(more than 9.8 estimated substitutions per site); if pairwise maximum likelihood (ML) distances
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were very high indicating saturation; if 1 or more states were rarely present which could present

numerical issues; or if the locus was unable to run successfully in IQ-TREE.

| used a custom-written R v4.0.3 script (R Core Team 2018) with the packages ape v5.5
(Paradis and Schliep 2019), phangorn v2.7.0 (Schliep 2011), phytools 0.7.70 (Revell 2012),
and seqinr v4.2.5 (Charif and Lobry 2007) to estimate the gene tree for each locus using IQ-
TREE, and to remove loci based on the IQ-TREE .igtree and .log file warnings. The script
“1_Recombination_Detection.R” is available from the GitHub repository

https://github.com/caitlinch/gene filtering.

2.3.1.1 Primates dataset

| selected the Vanderpool et al. (2020b) DNA dataset, which | label the “Primate” dataset,
consisting of the protein-coding sequences for 1730 genes, obtained from the genomes of 26
primates and 3 non-primates (Vanderpool et al. 2020a). | estimated maximum likelihood gene
trees using the same method as Vanderpool et al. (2020b), using IQ-TREE v2.0 (Minh et al.,
2020b; Nguyen et al., 2015) with models of sequence evolution selected using ModelFinder
(Kalyaanamoorthy et al. 2017). | checked all warnings in the IQ-TREE .log and .igtree files and
excluded 8 loci: 7 with estimated model parameters at a boundary that could cause numerical
instability, and one which had saturated sites for one sequence resulting in a very long branch
(more than 9.8 estimated substitutions per site). This left me with a final dataset of 1722 loci,
where each loci is the protein-coding sequence for a gene. The mean locus length was
1020.22 bp.

2.3.1.2 Tomato dataset

| selected the Pease et al. (2016a, 2016b) dataset, which | label the “Tomato” dataset. This
dataset consisted of whole transcriptomes from 30 samples covering the 13 species of the wild
tomato clade Solanum sect. Lycopersicon. | excluded one sample, LA1360, that was found to
be a hybrid by Pease et al. (2016a) and consequently excluded from their consensus
phylogeny. Neither my concatenated nor my summary method approaches accounted for
hybrid species origin, so including known hybrids was likely to mislead both approaches. The
consensus phylogeny of Pease et al. (2016a) was estimated from 2,745 non-overlapping
genomic windows of the chromosomes with sequences for all 29 species. While each genomic
window spanned 100 kb of a given chromosome, the alignment for each window included only
the sites from the transcriptome (smallest window = 681, largest window = 57,569 bp, mean
window size = 21,226.1 bp).
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To ensure | used the same loci in my experiments, | replicated the process of generating
genomic windows described by Pease et al (2016a). First, | used MVFTools

(https://Iwww.github.com/jbpease/mvftools) (Pease and Rosenzweig 2018; Pease 2021) to

separate the mvf-formatted alignment Pease_etal Tomato29acc HQ.mvf.gz from Pease et al.

(2016b) into non-overlapping 100kb genomic windows using the following python3 command:

python3 mvftools/mvftools.py InferTree

--mvf Pease etal Tomato2%acc HQ.mvf.gz --windowsize 100000

--out treeslO00k.txt --contig-ids 1,2,3,4,5,6,7,8,9,10,11,12
--sample-indices
0,1,2,3,4,5,¢,7,8,9,10,11,12,14,15,16,17,18,19,20,21,22,23,24,25,26,
27,28,29

--raxml-path raxmlHPC-AVX2

This resulted in a separate alignment for each of the 8000 possible non-overlapping 100kb
genomic windows. To identify the 2745 windows used in the original paper | wrote a custom R
script 0_Pease2016_data_formatting.R (available from this project's GitHub repository

https://github.com/caitlinch/gene_filtering) with the R packages ape v5.5 (Paradis and Schliep

2019) and phangorn v2.7.0 (Schliep 2011). The InferTree function in MVFTools generates
trees for each 100kb window with RAXML (Stamatakis 2014), but for consistency with the other
datasets | estimated the tree for each 100kb window in IQ-TREE as above. | checked all
warnings in the IQ-TREE .log and .igtree files as above and excluded 1 window with very high
pairwise ML distances (indicating saturation). This left me with a filtered dataset of 2744 loci,
where each locus is a genomic window extracted from the transcriptome. The mean locus
length was 21,030.27 bp.

To visualise the distribution of gene trees from the Tomato dataset, | generated a cloudogram
(Bouckaert 2010) of the gene tree topologies (Supplementary Figure 19) using the densiTree
function Phangorn v2.6.3 (Schliep 2011).

2.3.1.3 Metazoan dataset

From Whelan et. al. (2017a) | selected the alignment used to estimate the main phylogeny
(“Metazoa_Choano_RCFV_strict”), which | label the “Metazaon” dataset. The dataset consists
of 117 genes for 76 taxa, and was constructed from transcripts from new and publicly available
species to establish the placement of Ctenophora (comb jellies) and determine the sister group
to all animals (Whelan et al. 2017a). | downloaded the alignment and the associated
partitioning scheme (Metazoa Choano_RCFV_strict Models.txt) from the online repository
(Whelan et al. 2017b). Using the partitioning scheme, | separated the alignment into individual
genes using a custom-written R v4.0.3 script 0_Whelan2017 data formatting.R available from
66



https://www.github.com/jbpease/mvftools
https://github.com/caitlinch/gene_filtering
https://github.com/caitlinch/gene_filtering/blob/master/code/0_Whelan2017_data_formatting.R

Chapter Two

the GitHub repository https://github.com/caitlinch/gene_filtering, and the R packages
phylotools v0.2.2 (Zhang 2017) and phangorn v2.7.0 (Schliep 2011). | estimated a maximum
likelihood gene tree for each gene in IQ-TREE as above. | checked all warnings in the 1Q-
TREE .log and .igtree files as above and excluded 6 loci: 4 with estimated model parameters
that could lead to numerical instability, and 2 with a very long branch (more than 9.8 estimated
substitutions per site). This left me with a final dataset of 111 loci (where each locus is a

protein-coding sequence). The mean locus length was 430.59 amino acid residues.

2.3.1.4 Plants dataset

| used the “alignments-FAA-masked” version of the One Thousand Plants dataset (Leebens-
Mack et al. 2019a), available from (Leebens-Mack et al. 2019b), and referred to here as the
“Plants” dataset. This is the dataset used for the main results in that paper and consists of 410
genes from 1178 species, from transcriptomes and 31 published genomes. | estimated
maximum likelihood gene trees for each gene in IQ-TREE as above. | checked all warnings in
the IQ-TREE .log and .igtree files as above and excluded 19 loci. 15 of these had one or more
overly long branches (more than 9.8 estimated substitutions per site), 2 had states that were
rarely present which may cause numerical problems, and IQ-TREE was unable to run on 2
loci. This left me with a filtered dataset of 391 loci (where each locus is a protein-coding

sequence). The mean locus length was 380.99 amino acid residues.

2.3.2 Tests for Recombination
2.3.2.1 Identifying putatively recombinant loci

There are many tests for detecting recombination or introgression in multiple sequence
alignments, such as 3SEQ (Lam et al. 2018), GARD (Kosakovsky Pond et al. 2006), gmos
(Domazet-LoSo and Domazet-Lo3o 2016), Hyde (Blischak et al. 2018), Patterson’s D statistic
(Patterson et al. 2012; Pfeifer and Kapan 2019), RAT (Etherington et al. 2005), and the
compilation of methods in RDP5 (Martin et al. 2020). My criteria for tests for recombination
detection were that the test was widely used, the test had been validated for multiple datasets
or experimental conditions, and that the tests selected had different underlying methods. |
selected three tests from the literature: the maximum chi-squared method (MaxChi) (Maynard
Smith 1992), GENECONYV (Sawyer 1989) and the Pairwise Homoplasy Index (PHI) (Bruen et
al. 2006). Each of these tests has been highly cited: over 1700 citations for the maximum chi-
squared method, over 1000 citations for GENECONYV and over 1300 citations for PHI. Each of
these tests had also been validated in previous studies. GENECONV and the MaxChi test

have previously been found to reliably detect recombination in both simulations and empirical
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datasets (Posada and Crandall 2001; Posada 2002). The PHI test is more powerful when
sequences are closely related (Bruen et al. 2006), whereas MaxChi and GENECONYV perform
better when sequences are more divergent (Posada and Crandall 2001). | applied the MaxChi
and PHI tests using PHIPack (Bruen 2005), and GENECONYV using the GENECONYV v1.8
implementation (Sawyer 2000).

| used a custom-written R v4.0.3 script (R Core Team 2018) with the packages ape v5.5
(Paradis and Schliep 2019), phangorn v2.7.9 (Schliep 2011), phytools 0.7.70 (Revell 2012),
and seqinr v4.2.5 (Charif and Lobry 2007) to apply each test for recombination to each locus.
The script “1_Recombination_Detection.R” is available from the GitHub repository

https://github.com/caitlinch/gene filtering.

2.3.2.2 Applying three tests of recombination to each dataset

Applying all three tests to each dataset led me to create 9 subsets of loci for each dataset.
Each locus could be included in multiple subsets, depending on the results from the
recombination detection tests. The first subset, Unfiltered, contained all loci in that dataset.
The next six subsets were associated with the loci that passed or failed each of the three tests.
For each test | created one subset which contained loci that passed the test (labelled as
“P_test_name”, e.g. “P_PHI”); and one which contained loci that failed the test (i.e., were
identified as putatively recombinant; labelled “F_test name”, e.g. “F_PHI”). Specifically, P_PHI
contained all loci that had a non-significant p-value for the PHI test, and F_PHI contained all
loci that had a significant p-value for the PHI test and thus reject the null hypothesis of the PHI
test that distant sites in the alignment have the same genealogical correlation as adjacent sites
(Bruen et al. 2006). P_MaxChi contained all loci that had a non-significant p-value for the
MaxChi test, and F_MaxChi contained all loci that had a significant p-value for the MaxChi
and thus reject the null hypothesis that there is no mosaic structure present within the
alignment (Maynard Smith 1992). P_GENECONYV contained all loci that had a non-significant
p-value for both the inner fragments and outer fragments, meaning that GENECONYV found no
evidence for gene conversion events between ancestors of two species within the alignment
(inner) or evidence of gene conversion events that may have originated outside of the
alignment (outer). F_GENECONYV contained all loci that had a significant p-value for either of
both GENECONYV test (either inner or outer), and thus reject the null hypothesis that no signs
of gene conversion are present within the alignment. The remaining two subsets of loci, were
based on combinations of all three tests of recombination: P_All contained the loci that passed
all three tests (i.e., showed no significant evidence of recombination on any test) and F_All

contained all loci that failed one or more test (i.e., returned a significant p-value for at least one
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test). This resulted in a total of nine subsets of loci for each dataset: Unfiltered, P_PHI, F_PHI,
P_MaxChi, F_MaxChi, P_GENECONV, F_GENECONYV, P_All, and F_All. | refer to the group

of subsets with putatively recombinant loci removed as the P_test subsets.

The tests for introgression did not successfully run on some loci. In these cases, | set the result
for that test statistic for that locus to NA (as the putative recombination status of the loci could
not be identified). For the GENECONYV test only, | assigned loci that were unable to obtain
both an inner and outer p-value (had either an NA inner p-value or NA outer p-value or both)
to the NA subset. For the All category where all three tests were applied concurrently, |

assigned any loci with NA for one or more test to the NA subset.

2.3.3 Species Tree Inference and Comparison

| estimated a tree for each of the nine subsets of loci for each of the four datasets using both
a concatenated analysis in IQ-TREE (Minh et al. 2020b) and a gene-tree/species-tree analysis
in ASTRAL-III (Zhang et al. 2018b).

2.3.3.1 Species tree estimation

| used both concatenation and summary methods to estimate species trees for each of the 9
subsets of loci across the 4 datasets (36 analyses per tree estimation method). To ensure my
trees were not unduly affected by sampling error, | restricted those analyses to only those
subsets which contained at least 50 loci, resulting in 11 subsets of loci being removed (i.e., 25
analyses per tree estimation method remaining; Table 3). In previous studies, 50 loci has been
chosen as the minimum number for estimating species trees with summary methods (Nute et
al. 2018; Zhang et al. 2018b). To ensure each comparison across subset trees was sensible,
if the P subset for any test contained fewer than 50 loci, | did not estimate a tree from the
corresponding F subset regardless of the number of loci in that subset. For clarity, | denote
each of the trees with the inference method (ASTRAL or CONCAT) and a subscript that
corresponds to the subset of the data from which they were generated. For example: the trees
estimated from the complete set of loci are ASTRALunfitereda aNd CONCAT urritered; the trees
estimated from the subset of loci that pass the PHI test are labelled ASTRALp pxi and
CONCATp pHi; and the trees estimated from the subset of loci that fail the PHI test are labelled
ASTRALE pri and CONCATE pi.

| used ASTRAL v5.7.5 (Mirarab et al. 2014; Sayyari and Mirarab 2016; Zhang et al. 2018b;
Mirarab 2023) to estimate trees using the command “java -jar astral.5.7.5.jar -i

subset trees.text -o subset tree.tre 2> subset tree.log’, Where
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subset trees.txt is the file containing the gene trees for that subset of loci and
subset tree.tre is the output tree file. | extracted the local posterior probability (Lpp) for
each analysis from the ASTRAL output tree. ASTRAL does not calculate the length of terminal
branches, so for tree comparison | arbitrarily assigned each terminal branch a branch length

of 0.1 coalescent units.

For the Primate, Tomato and Metazoan datasets | estimated a concatenated tree for each
subset in 1Q-TREE v2.0-rc1 (Nguyen et al. 2015; Minh et al. 2020b) with 1000 ultrafast
bootstraps (UFB) (Hoang et al. 2018a) using a partitioned analysis (Chernomor et al. 2016;
Biczok et al. 2018). The IQ-TREE command was “igtree -p partitions.nex -m
MERGE -bb 1000 -nt AUTO”. The partition file specified the model of substitution for each
locus as the best model from gene tree estimation as identified by ModelFinder

(Kalyaanamoorthy et al. 2017).

The size of the Plants dataset and the complexity of the models selected for each locus meant
estimating a concatenated tree in IQ-TREE was intractable. Thus for this dataset | estimated
a maximum likelihood tree for each subset using RAXML-NG (Kozlov et al. 2019). The best
fitting models of substitution identified for each locus of the Plants dataset using ModelFinder
contained free rate models, and the additional numbers of rate categories needed for these
models made estimating trees for this dataset computationally intractable. Therefore, for this
dataset | selected the best-fitting model (by BIC score) from ModelFinder that did not
incorporate free rate models for each locus. Due to the computational requirements of this
dataset, | estimated tree topology without bootstraps using one parsimony starting tree with
the command “raxml-ng --search --msa supermat.phy —--model partition.txt
--brlen scaled --tree pars{l} --threads 50 --lh-epsilon 1”. The R script
“2.5_ExtractingModels DeepDatasets.R” to extract the best model without a free rate
parameter for each locus in the Plants dataset is available from the GitHub repository

https://github.com/caitlinch/gene filtering.

| used a custom-written R script (R Core Team 2018) with the packages ape v5.5 (Paradis and
Schliep 2019), phangorn v2.7.0 (Schliep 2011), phytools 0.7.70 (Revell 2012), phylotools 0.2.2
(Zhang 2017) and seqinr v4.2.5 (Charif and Lobry 2007) to estimate the species trees (by
running ASTRAL and IQ-TREE) for each analysis and compare the resulting trees. The script
“2_Species_Tree_Estimation.R” is available from the GitHub repository
https://github.com/caitlinch/gene _filtering. All trees are available from the Figshare repository
https://doi.org/10.6084/m9.figshare.26087437 .
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2.3.3.2 Species tree comparison

To determine whether removing putatively recombinant loci from species tree analysis resulted
in changes to tree topology, | compared the topologies of the pass tree for each test to the
topology of the unfiltered tree (the tree estimated from all loci). For example, this means that
for the trees estimated in ASTRAL for one dataset, | compared each of the trees estimated
from putatively non-recombinant loci (ASTRALp pui, ASTRALp maxcHi, ASTRALp geneconv) tO
the tree estimated from all loci (ASTRAL unitered)-

Where computationally feasible, | used the goodness of fit test (Ané 2021) to compare species
trees estimated in ASTRAL-IIl. The goodness of fit test quantifies the fit between multi-locus
data and patterns expected under multispecies network coalescent for a given phylogenetic
tree or network (Stenz et al. 2015; Cai and Ané 2021) and is available in the Julia package
QuartetNetworkGoodnessFit (Ané 2021). | ran this test in Julia v1.6.1 (Bezanson et al. 2017)
with the packages PhyloNetworks.jl v0.14.0 (Solis-Lemus et al. 2017) and DataFramesv 1.1.1
(Bouchet-Valat and Kaminski 2023). The number of taxa in the Plants and Metazoan datasets
were too large to reasonably apply this test, so | tested only the Primates and Tomatoes
datasets. The trees for each dataset were rooted at the outgroup from the original study: Mus
musculus for Vanderpool et al. (2020b) and LA4116, LA2951 and LA4126 for Pease et al.
(2016a). The goodness of fit test is designed for ultrametric trees or networks, and when
validating the test with simulations Cai and Ané (2021) modified branch lengths in their trees
to ensure all root-to-tip paths had equal length. | used the phytools v0.7-70 function
force.ultrametric (tree, method = “extend”) to convert trees to ultrametric trees
by extending all external edges of the tree to match the external edge with the greatest height
(Revell 2012). For the four tests (PHI, MaxChi, GENECONYV and All tests), | compare each of
the three trees (ASTRALp test, ASTRALF test, and ASTRALuniirered) individually to the quartet
concordance factors calculated from ASTRALp test. | applied the goodness of fit test with 100

simulated replicate datasets.

The goodness of fit test outputs a p-value, a Z statistic to describe the deviation of the
proportion of outliers from the expected proportion of outliers (p <0.05), and a & value used to
correct for the non-independence of quartets. A non-significant p-value for this test indicates
that the null hypothesis cannot be rejected. In this case, the null hypothesis is that the data
evolved along the provided tree or network. | then calculated the statistic Z/& for each tree to
correct the Z statistic for dependence (Cai and Ané 2021). | extracted the p-value and the
statistic Z /& from the results of each tree (i.e., the three trees ASTRALp test, ASTRALFE test, and
ASTRAL unfittered)-
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To statistically compare the concatenated trees, | used the 1Q-TREE implementation of the
approximately unbiased (AU) test (Shimodaira 2002). For each test (PHI, MaxChi,
GENECONV and All tests), | used the alignments of the subset of loci that passed that test
(CONCATEP test) to ask whether the tree estimated from that subset of loci could reject the tree
estimated from the unfiltered set of loci (CONCAT unsitered) @and the tree estimated from loci that
failed the test (CONCATF test). | used the command “igtree path -p partition.nex
-z trees.text -n 0 -zb 10000 -zw -au". The AU testimplementation calculates p-
values, such that any tree with a statistically significant p-value (<0.05) is rejected in favour of

the maximum-likelihood tree (CONCATp st in this case).

Finally, | analysed the differences in the topologies of trees estimated from different subsets
of data. As | am interested in whether removing genes with evidence of recombination impacts
species tree topology, | focus on comparing the Unfiltered tree with each of the trees estimated
from a subset of loci which passed one or more of the tests for recombination. Depending on
tree estimation method, | calculated the distance between P_test tree, and either
ASTRALunitered OF CONCATuniierea. | calculated the Robinson-Foulds (RF) distance (Robinson
and Foulds 1981) and the branch weighted Robinson-Foulds (WRF) distance using the RF.dist
and wRF.dist functions in the R package phangorn (Schliep 2011). | also calculated the
normalised Robinson-Foulds (nRF) distance (Steel and Penny 1993), which scales the RF

distance by the total number of splits in both trees (Equation 5).

RF distance
2(2n-3)
where n is the number of taxa in either tree

Equation 5 nRF distance =

In addition, | identified the branches that differed between each subset tree and either
ASTRAL unfitered Or CONCAT uniiered USING the distinct.edges () function in the R package
distory (Chakerian and Holmes 2020). For each pair of trees, | identified and extracted both
the congruent branches (i.e., branches present in both trees) and conflicting branches (i.e.,
branches present in one tree only). | also extracted the length of each branch and the branch
support value (either the UFB value for CONCAT trees or the Lpp value for ASTRAL trees). |
manually compared all branches that had been identified as distinct (i.e., branches that were
present in only one of two trees being compared). For example, | manually compared each
branch that was present in ASTRALunitered but Not ASTRALP maxchi and vice versa. For each
distinct branch, | compared the branch length and support value and determined the extent of

the impact on tree topology, specifically whether the change resulted in taxonomic
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reclassification. The taxonomic rank of each dataset differed: species were classified at the
section level in the Tomatoes dataset; the family level in the Primates dataset; the family, class
or order level for the Plants dataset; and the infrakingdom or phyla level for the Metazoan

dataset.

For the Plants dataset, | followed the procedure for the main figure from Leebens-Mack et. al.
(2019a) and assigned each taxon to the taxonomic group specified by the Very Brief
Classifications column in the supplementary material file annotations.csv (Leebens-Mack et
al. 2019b). For the three remaining datasets (Tomatoes, Primates, and Metazoan), | assigned
each taxon to taxonomic groups using the main phylogeny in the results from the original

manuscript.

To identify important differences in the tree, | extracted all conflicting branches (i.e., branches
that were present in only one of either the Unfiltered tree or the P_test subset tree) with high
support (Lpp of > 0.9 or UFB > 90). | call these branches “highly supported differences”. The
Lpp threshold of 0.9 was previously validated (Sayyari and Mirarab 2016), and | applied an
identical threshold for UFB, although | note that UFB values = 95 are considered high support
(Minh et al. 2013; Hoang et al. 2018a). | identified 40 highly supported differences in total
(Supplementary Table 3). Finally, | compared the branch length and branch support values for

congruent and conflicting branches.

| applied my analyses using custom-written R version 4.0.3 scripts (R Core Team 2018) with
the packages ape v5.5 (Paradis and Schliep 2019), distory v1.4.4 (Chakerian and Holmes
2020), dplyr v1.1.4 (Wickham et al. 2021), ggplot2 v3.3.3 (Wickham 2016), phangorn v2.7.0
(Schliep 2011), phytools v0.7.70 (Revell 2012), phylotools v0.2.2 (Zhang 2017), treespace
v1.1.4.3 (Jombart et al. 2017), TreeTools v1.10.0 (Smith and Paradis 2023), and seqginr v4.2.5
(Charif and Lobry 2007) to compare species trees and generate plots. Plots were constructed
in R using ggplot v3.3.6 (Wickham 2016), ggtern v3.3.5 (Hamilton and Ferry 2018), and
patchwork v1.1.1 (Pedersen 2022). Phylogenetic trees were plotted in R using the packages
colorBlindness v0.1.9 (Ou 2021), dplyr v1.0.9 (Wickham et al. 2021) , ggplot2 v3.3.6 (Wickham
2016), ggtextv0.1.1 (Wilke 2020), ggtree v.2.4.1 (Yu et al. 2017, 2018; Yu 2020), glue v1.6.2
(Bryan 2022), grid v4.0.3 (R Core Team 2018) and patchwork v1.1.1 (Pedersen 2022). The
scripts “3_Species_Tree_Comparison.R”, “4 DataAnalysis.R”, “5_Densitrees.R”,
“5_Tanglegrams.R” and “5 Plots.R” are available from the GitHub repository

https://github.com/caitlinch/gene filtering.
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2.3.3.3 Quartet concordance factors

I quantified the change in quartet concordance factors (qCF) for between each subset tree and
the ASTRALuniiereda tree. in ASTRAL v5.7.5 using the command “java -jar
astral.5.7.5.jar -1 subset gene trees.txt -t 2 -o subset gCF.tre 2>

subset gCF.log".

For each pair of trees, | identified and extracted both the congruent and conflicting branches,
along with the qCF for each branch. | compared the qCF values of congruent and conflicting
branches for all datasets and recombination tests as above. | performed my analyses with a
custom written R v4.0.3 script and the packages mentioned above. The script
“6_Quartet_Concordance.R” is available from the GitHub repository
https://github.com/caitlinch/gene _filtering. All gCFs are available from the Figshare repository
https://doi.org/10.6084/m9.figshare.26087437 .
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2.4 Results

2.4.1 All datasets contained putatively recombinant loci

Table 3: The percent of loci identified as recombinant for four different empirical phylogenetic
datasets by three recombination detection tests.

Each Pass row presents the percentage of loci that passed that test and were identified as non-
recombinant. Each Fail row presents the percentage of loci that failed that test and were
identified as non-recombinant. The NA row presents the percentage of loci that failed to run for
each test. Loci that failed to run were not included in tree estimation. The GENECONYV test
reports two p-values (one for the recombination present within the dataset, and one for signs
of recombination between one or more taxa in the dataset and taxa outside the dataset). For
this test, the Pass row represents the number of loci that passed both tests (no signs of
recombination within or outside the dataset). All loci identified as putatively recombinant
(either inside or outside the dataset) were assigned to the GENECONYV Fail category. Bold
values indicate subsets with less than fifty loci, which were excluded from tree estimation. All
percentages are rounded to 2 decimal places.

. Dataset
Percent of loci (%) Primate Tomato Metazoan Plants
Pass 95.01 50.22 83.78 89.00
PHI Fail 4.94 49.71 0.90 0.51
NA 0.05 0.07 15.32 10.49
Pass 68.82 56.38 82.88 98.98
MaxChi Fail 31.18 43.55 16.22 0.26
NA 0 0.07 0.09 0.77
Pass 58.94 35.86 51.35 6.65
GENECONV Fail 40.48 64.12 33.33 0.26
NA 0.58 0 15.32 93.09
Pass 43.37 18.77 36.04 1.28
All Tests Fail 50.99 80.16 33.33 0
NA 0.06 0.07 30.63 92.72
Total number of loci 1722 2744 111 391

Detected levels of recombination varied between recombination detection tests and datasets
(Table 3). The Tomato dataset had the highest mean percentage of putatively recombinant
loci, followed by the Primates, the Metazoans, and the Plants. Of the three tests, GENECONV
identified the most loci as potentially recombinant, followed by MaxChi and PHI. GENECONV
also failed to run on the highest proportion of loci compared to the PHI test and the MaxChi
test. The combination of dataset and test with the highest proportion of loci unable to run was
GENECONYV and the Plants dataset. Both the PHI and GENECONYV tests failed to run on

around 15% of the Metazoan dataset loci.

The Tomato dataset had the highest proportion of putatively recombinant genes for all three

tests for recombination. To visualise the distribution of topologies for this dataset | plotted a
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cloudogram of all gene trees within the Tomato dataset (Supplementary Figure 19), which

revealed substantial gene tree heterogeneity.

2.4.2 Filtering putatively recombinant loci impacts the topology of ASTRAL
trees more than concatenated trees

After subsets with fewer than fifty loci were excluded from further analyses (see Methods), |
was left with 9/9 subsets for the Primate dataset, 9/9 subsets for the Tomato dataset, 4/9
subsets for the Metazoan dataset and 3/9 subsets for the Plants dataset. One summary
(ASTRAL) tree and one maximum likelihood (CONCAT) tree were estimated from each subset,
resulting in 18 trees for the Primate and Tomato datasets, 8 trees for the Metazoan dataset

and 6 trees for the Plants dataset.

For the Primates and Tomatoes datasets, the difference in tree topologies between filtered
(i.e., using loci with no evidence of recombination) and unfiltered datasets measured using
ASTRAL trees were equal to or larger than those estimated from the CONCAT trees (compare
values in Supplementary Table 1 and Supplementary Table 2). This is the case for all three
tests of recombination and for every dataset, although | note that for Primates all trees
estimated from P_test subsets were identical to trees estimated from the unfiltered datasets
(Figure 10, Supplementary Figure 3, Supplementary Figure 7, Supplementary Figure 8). The
Plants dataset had greater RF distances for the CONCAT trees, and the Metazoan dataset

had no consistent trend (Supplementary Table 1, Supplementary Table 2).

There were few topological differences between trees estimated from different subsets of the
Tomatoes dataset (Figure 11, Supplementary Figure 4, Supplementary Figure 9,
Supplementary Figure 10). Of the CONCATp st trees, 3/4 (P_PHI, P_MaxChi,
P_GENECONYV) were identical to the CONCAT untitered tree (Supplementary Table 2). The
remaining tree CONCATp ai had one branch different to CONCAT unfitered. ASTRALp test trees
were different to ASTRALunfitered By 0nly 1-3 conflicting branches (Supplementary Table 1).
Differences in tree topology resulted in different resolutions of the Peruvianum clade, and
particularly the placement of the two taxa Solanum peruvianum 2744 and Solanum
huaylasense 1364. | identified 15 highly supported differences (Lpp > 0.9) within ASTRAL trees
estimated from the Tomatoes dataset (Supplementary Table 3). Each of these highly
supported differences resulted in different topology of the Peruvianum clade in the
ASTRALp test and ASTRALunfitered trees.

For the Metazoan dataset, the distance between the Unfiltered and P_test trees depended on
the choice of recombination test (Figure 12, Supplementary Figure 5, Supplementary Figure
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11, Supplementary Figure 12). Trees estimated from P_GENECONYV had higher RF distances
(ASTRAL: 30, CONCAT: 24) than those estimated from the P_PHI (ASTRAL: 4, CONCAT: 2)
or P_MaxChi (ASTRAL: 6, CONCAT: 8) subsets. The Metazoan dataset had the highest
number of highly supported differences (Supplementary Table 3), with 8 highly supported
differences from ASTRAL trees (Lpp > 0.9) and 16 from CONCAT trees (UFB >90). All highly
supported differences from the ASTRAL trees and 15/16 highly supported differences from the
CONCAT trees resulted in different topologies of the Ctenophora clade. Only 1 highly
supported differences from the CONCATp ceneconv tree disrupted the relationships between
clades, corresponding to an alternate placement of Trichoplax adhaerens, the single-taxon
Placozoa clade (Supplementary Figure 14). In the Metazoan tree CONCATp ceneconv, the
relationships between clades are defined by the tree (Outgroup, (Ctenophora, (Placozoa,
(Porifera, (Cnidaria, Bilateria))))) whereas in the tree CONCATuntiered | Observe the tree

(Outgroup, (Ctenophora, (Porifera, (Placozoa, (Cnidaria, Bilateria))))).

The largest RF distances were observed when comparing trees estimated from different
subsets of the Plants dataset (Figure 4, Supplementary Figure 6, Supplementary Figure 13).
In the Plants dataset, RF distances between the P_test tree and the Unfiltered tree were higher
for CONCAT trees (P_PHI: 62, P_MaxCHI: 58) than for ASTRAL trees (P_PHI: 42, P_MaxCHI:
18). The differences in branch length varied, with higher wRF distances for ASTRAL (P_PHI:
85.18, P_MaxCHI: 11.48) than for CONCAT trees (P_PHI: 2.89, P_MaxCHI: 1.47). While there
were the highest number of differences between trees estimated from different subsets of the
Plants dataset, most of these branches had low support. | identified a single highly supported
difference in the Plants ASTRAL trees (Lpp > 0.9). This branch occurred within the
Malpighiales clade (Classification from Leebens-Mack et al. (2019a): CoreEudicots/Rosids
Malpighiales) and places the species Phyllanthus sp. and Bischofia javanica as sisters within
a cherry for the tree ASTRALp pHi (but not for ASTRALuniitered) (Supplementary Figure 15).

I compared the normalised Robinson-Foulds (nRF) distances from each dataset to determine
whether tree depth impacted ASTRAL tree topology (Supplementary Table 1). The dataset
with the highest mean nRF distance was the Metazoans (mean nRF = 0.0447), followed by
the Tomatoes dataset (mean nRF = 0.0363) and finally the Plants dataset (mean nRF =
0.0065). | also calculated the nRF distance for CONCAT trees (Supplementary Table 2). The
Metazoan dataset had the highest mean nRF distance (mean nRF = 0.0383), followed by the
Plants dataset (mean nRF = 0.0125) and finally the Tomatoes dataset (mean nRF = 0.0045).
Although the Plants had the highest RF distances for both ASTRAL and CONCAT, the
differences between trees estimated from different subsets were low after adjusting for the

comparatively large number of taxa in this dataset. The Primates dataset had the lowest
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normalised Robinson-Foulds distance for both ASTRAL and CONCAT as all trees estimated
from P_test subsets were identical to the unfiltered tree (ASTRAL: mean nRF = 0, CONCAT:

mean nRF = 0).

Primates: ASTRAL Unfiltered Primates: ASTRAL Pass

T. chinensis M. musculus

- chinensis
. variegatus
A0, gamettii

M. musculus

G. variegatus

O. garnettii

M. murinus P coquereli

F. coquereli M. murinus

Clade legend

Cebidae
C. sabaeus

C. atys
M. leucophasus

C. sabaeus
M. nemestrina
M. fasciculari:

Sp. Cercopithecinae
Sp. Colobinae

P anubis
T. gelada

Sp. Hominidae M. mulatta

Hylobatidae C. atys
Sp. Non-primate M. leucophaeus M. nemestrina
M. fascicularis

M. mulatta

F. anubis

Sp. Strepsirrhini T. gelada

Sp. Tarsiformes

Figure 10: Comparing the ASTRAL tree estimated from the Unfiltered Primates dataset
(ASTRALunfitered) with the four trees estimated from subsets of putatively non-recombinant loci.
Each of the four trees estimated from the P_test subsets have identical topology to the
ASTRALunfiltered tree.

ASTRAL does not estimate terminal branch lengths, so terminal branch lengths were arbitrarily
assigned alength and added for plotting purposes only.

a. ASTRAL tree estimated from the Unfiltered Primates dataset. Tip labels are coloured by
clade according to the Clade Legend.

b. Densitree for the ASTRAL Primate trees estimated from putatively non-recombinant loci.
Each tree was estimated in ASTRAL from subsets of loci that passed each test (P_PHI,
P_MaxChi, P_GENECONYV, P_All). Tip labels are coloured by clade as above. For the Primates
dataset, all ASTRAL P_test trees have identical topology to the ASTRAL unfiltered tree.
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Tomatoes: ASTRAL Unfiltered Tomatoes: ASTRAL Pass

S, lycopersicoides 2951
5. lycopersicoldes 4126

— 5. siiens 4116
|: 8. lycopersicoides 2951
S, lycopersicoides 4126
5. pennellii 0718
5. pennellii 3778
5. habrochaites 0407
&. habrochaites 1777

5. huaylasense 1364
S. chilense 1782

8. sitiens 4116
5. pennellii 0716
8. pennellii 3778
S, habvochaites 0407
5. habrochaites 1777
5. huaylasense 1364

5. corneliomuelteri 0107

— S. corneliomueileri 0444

Clade legend
20, Arcanum
Sp. Esculentum

Sp. Hirsutum
Sp. Outgroup
Sp. Peruvianum

Figure 11: Comparing the ASTRAL tree estimated from the Unfiltered Tomatoes dataset
(ASTRALunritered) With the four trees estimated from subsets of putatively non-recombinant loci.
The four trees estimated from the P_test subsets have identical topology to the ASTRAL unfiltered
tree for the Arcanum, Esculentum, Hirsutum and Outgroup clades. Compared to the tree
ASTRALunfitered, the four trees estimated from the P_test subsets have different topology of the
Peruvianum clade.

ASTRAL does not estimate terminal branch lengths, so terminal branch lengths were arbitrarily
assigned alength and added for plotting purposes only.

a. ASTRAL tree estimated from the Unfiltered Tomatoes dataset. Tip labels are coloured by
clade according to the Clade Legend.

b. Densitree for the ASTRAL Tomatoes trees estimated from putatively non-recombinant loci.
Each tree was estimated in ASTRAL from subsets of loci that passed each test (P_PHI,
P_MaxChi, P_GENECONV, P_All). Tip labels are coloured by clade as above. For the Tomatoes
dataset, all ASTRAL P_test trees differ in topology to the ASTRAL untittered tree only in the
Peruvianum clade.
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Figure 12: Comparing the ASTRAL tree estimated from the Unfiltered Metazoan dataset
(ASTRALunfitered) With the four trees estimated from subsets of putatively non-recombinant loci.
Each of the four trees estimated from the P_test subsets have identical relationships between
established metazoan clades as the ASTRALunriitered tree. The vast majority of topological
differences between the P_test trees and the ASTRALunitered tree occur within the Ctenophora
clade.

ASTRAL does not estimate terminal branch lengths, so terminal branch lengths were
arbitrarily assigned a length and added for plotting purposes only.

a. ASTRAL tree estimated from the Unfiltered Metazoan dataset. Tip labels are coloured by
clade according to the Clade Legend.

b. Densitree for the ASTRAL Metazoan trees estimated from putatively non-recombinant loci.
Each tree was estimated in ASTRAL from subsets of loci that passed each test (P_PHI,
P_MaxChi, P_GENECONYV). Tip labels are coloured by clade as above. The majority of
topological differences between the ASTRALP test trees and the ASTRALunfittered tree occur
within the Ctenophora clade. There are also differences in the topology of the outgroup
Choanoflagellata, and within Porifera in the placement of C. varians and P. suberitoides.
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Figure 13: Comparing the ASTRAL tree estimated from the Unfiltered Plants dataset
(ASTRALunritered) With the four trees estimated from subsets of putatively non-recombinant loci.
The relationships between well-established clades of the Plants dataset are identical when
comparing the ASTRALunfiitered tree with the trees estimated from the P_test subsets.

ASTRAL does not estimate terminal branch lengths, so terminal branch lengths were arbitrarily
assigned alength and added for plotting purposes only.

a. ASTRAL tree estimated from the Unfiltered Plants dataset. Tip labels are coloured by clade
according to the Clade Legend.

b. Densitree for the ASTRAL Plants trees estimated from putatively non-recombinant loci. Each
tree was estimated in ASTRAL from subsets of loci that passed each test (P_PHI, P_MaxChi).
Tip labels are coloured by clade as above. The relationships between clades of the Plants
dataset are consistent between ASTRALRP test trees.
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2.4.3 Gene filtering very rarely impacted statistical tests of tree adequacy

| applied goodness of fit tests to determine whether removing putatively-recombinant loci
resulted in statistically significant changes in tree topology. | applied the Quartet Network
goodness of fit test to ASTRAL trees and the AU test to CONCAT trees. There were no
differences in test results for filtered and unfiltered trees (Supplementary Table 1). The Quartet
Network goodness of fit test had a statistically significant p-value (p < 0.05) for every ASTRAL
tree in both the Primates and Tomatoes datasets (Supplementary Table 1), meaning that all
ASTRAL trees were inadequate to explain observed patterns of evolution. | was unable to

apply the goodness of fit test to the Metazoan and Plants datasets.

In total, 3 trees were rejected by the AU test (Supplementary Table 2). Of all CONCAT trees
estimated from P_test subsets, only 1 tree was rejected by the AU test: the Metazoan
CONCAT unitered Was rejected (p = 0.006) when compared to the tree CONCATp_ceneconv under
the loci from subset P_GENECONV. Two Tomatoes dataset trees estimated from F_test

subsets were also rejected by the AU test (Supplementary Table 2).

2.4.4 Filtering had little impact on branch properties

| investigated the impact of filtering putatively recombinant genes on branch properties for
congruent branches (i.e., by taking branches present in both the Unfiltered and P_test trees,
and comparing the distribution of branch properties) and for conflicting branches (i.e., by
comparing the properties of branches that appeared only in the P_test tree with those of
branches that appeared only in the Unfiltered tree). Branch lengths for all four datasets were
generally not impacted by choice of recombination test, and conflicting branches were shorter

than congruent branches (Figure 14, Supplementary Figure 16).

Similarly, filtering did not generally impact distributions of branch support (Lpp) for either
conflicting or congruent branches in ASTRAL trees (Figure 15). Lpp values were high for
congruent branches across all datasets and tests for recombination (Figure 15), although some
outlier branches had Lpp values as low as 0.25 (Metazoan dataset) or 0.03 (Plants dataset).
For the Metazoan subsets P_MaxChi and P_PHI, conflicting branches in the ASTRALp test
trees had higher Lpp than conflicting branches in the ASTRALunfitered tree. Examining
distributions of branch support (UFB) in CONCAT trees (Supplementary Figure 17), | found
that congruent branches had high UFB values and that there was minimal difference in the
distributions of congruent branches from CONCATpe st and CONCATunfitered. Test of
recombination impacted the distribution of UFB values for the Metazoan dataset
(Supplementary Figure 17). Conflicting branches in the tree CONCATp_maxchi were lower than
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those in CONCATuniitered, Whereas conversely conflicting branches in the tree CONCATp phi

were higher than those in CONCAT unfitered.

| calculated qCFs for ASTRAL trees (Figure 16) and found that qCF values were similar for
fitered and unfiltered trees. In general, qCF values were not impacted by choice of
recombination test and qCF values for conflicting branches were lower than those for
congruent branches. Test for recombination did impact qCF values for conflicting branches in
the Metazoan dataset (Figure 16). The recombination tests MaxChi and PHI had slightly higher
gCFsin the tree estimated from the subset of loci that passed the test (ASTRALp test) compared
to the Unfiltered tree (ASTRALunitered), Whereas the results for GENECONV had larger range

in qCF values for conflicting branches.
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Figure 14: Branch lengths for congruent and conflicting branches in ASTRAL trees for all four
datasets.

Dataset names are listed on the right of each panel. Each P_test subset tree (denoted “Clean”)
was compared to the tree estimated from the unfiltered dataset (“Unfiltered”). Congruent
branches were branches present in both the unfiltered tree and the subset tree. Conflicting
branches were present in only the unfiltered tree or the subset tree. Where trees were identical
to the tree estimated from the unfiltered dataset, no conflicting branches exist and no boxplot
for conflicting branches is present.
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Figure 15: The local posterior probabilities (Lpp) for congruent and conflicting branches in

ASTRAL trees estimated from all four datasets.

Dataset names are listed on the right of each panel. Each P_test subset tree (denoted “Clean”)
was compared to the tree estimated from the unfiltered dataset (“Unfiltered”). Congruent
branches were branches present in both the unfiltered tree and the subset tree. Conflicting
branches were present in only the unfiltered tree or the subset tree. Where trees were identical
to the tree estimated from the unfiltered dataset, no conflicting branches exist and no boxplot

for conflicting branches is present.

85



Removing Recombinant Loci has Minimal Impact On Species Tree Topologies ...

a.
GENECONV MaxChi PHI All tests
1.
0.75- )
05- 5
S — — — — — - = = 3
0.251 &
LL 4
(@] O_
c 1 I I | | | | |
0.75- —
] El
oot ] ] ] [ B
D
0.25- 4
O- T T T T
S & = & D & & O
o & o & o & o &
S N NN N
Subset
b.
GENECONV MaxChi PHI
1.
0.75- E<

(]
G 05 * — &
O 0. e f— o

0.251 5
0 1 1 .
& &S & & 2 &S
o & o & o &
N Ny N
Subset
C.
MaxChi PHI
1.
| |
0.75-

T
|_|_ —
Q 0.5- e =

0.25- D . .
O- T T T T
& & S &
¥ N o N
NN NN
Subset

Branch type

' Conflicting
E Congruent

Branch type
' Conflicting

E Congruent

Branch type

‘ Conlflicting
E Congruent

Figure 16: Quartet concordance factors for congruent and conflicting branches in ASTRAL

trees for all four datasets.

Dataset names are listed on the right of each panel. Each P_test subset tree (denoted “Clean”)
was compared to the tree estimated from the unfiltered dataset (“Unfiltered”). Congruent

branches were branches present in both the unfiltered tree and the subset tree. Conflicting
branches were present in only the unfiltered tree or the subset tree. Where trees were identical
to the tree estimated from the unfiltered dataset, no conflicting branches exist and so no

boxplot for conflicting branches is present.
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2.5 Discussion

In this chapter, | investigated the impact of removing putatively recombinant loci on species
tree estimation for four empirical phylogenetic datasets. Across three different recombination
detection methods, three out of four datasets showed larger differences in tree topology for
summary trees inferred with ASTRAL than for concatenated trees estimated in 1Q-TREE.
Although filtering putatively recombinant loci tended to result in a relatively small number of
topological differences, there was little difference in the branch length, branch support, or qCF
value. | accounted for the number of taxa using the normalised RF distance and found the
Plants dataset had the smallest proportion of branches affected by filtering (Supplementary
Table 1, Supplementary Table 2). The Tomatoes dataset was most impacted by tree inference
method, with higher nRF for ASTRAL trees (mean nRF = 0.0363) than for CONCAT trees
(mean nRF = 0.0045) (Supplementary Table 1, Supplementary Table 2).

Loci in each dataset were excluded from analysis when applying a test for recombination was
unsuccessful. After applying a test for recombination to each locus, | categorised the result as
Pass (i.e., the locus was not identified as putatively recombinant, Fail (i.e., the locus was
identified as putatively recombinant), or NA (i.e., the test was unable to successfully run and
therefore could not categorise the locus). The MaxChi test had a low proportion of
unsuccessful runs (£1% of loci in each dataset). The shallow datasets analysed in this chapter,
the Primate and Tomato datasets, had a low proportion of unsuccessful loci of <0.1% for all
three tests. However, applying the PHI and GENECONYV tests to the deep datasets resulted
in much higher proportions of loci unable to be categorised. For the PHI test, 15.3% of
Metazoan loci and 10.5% of Plants loci failed to run successfully. For GENECONV, 15.3% of
Metazoan loci and 93.1% of Plants loci failed to run successfully. | suspect this is due to the
low ratio of sites to taxa for these two datasets. When testing PHI, Bruen et al. (2006)
considered both simulated (5 — 50 taxa, 1000 sites per simulation replicate) and empirical
datasets (8 datasets with 8 — 45 taxa and alignments 444 — 2553 sites long). In his paper
outlining methods for detecting gene conversion, Sawyer (1989) analysed three alignments of
a single locus with between 7 and 13 taxa. The datasets analysed by Sawyer (1989) and Bruen
et al. (2006) are much more comparable to the shallow datasets included in this chapter (both
Tomatoes and Primates datasets included 29 taxa) than the deep datasets. The Metazoan
dataset has 76 taxa and 111 loci, with an average loci length of 430.59 amino acid residues.
The Plants dataset has 1178 species and 391 loci, with an average locus length of 380.99
amino acid residues. These loci seem too short to estimate a gene tree for those numbers of
taxa, meaning there may simply be insufficient phylogenetic signal to infer patterns of
recombination. All loci unable to be classified as putatively recombinant or not putatively
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recombinant were excluded from tree estimation. As the Metazoan and Plants datasets had
low numbers of loci compared to the Primates and Tomatoes datasets, the failure of these

tests had a proportionally larger impact on tree estimation and comparison.

Empirical phylogenetic analyses often pay more attention to branches with high support values
(Simon 2022; Thomson and Brown 2022). My analyses revealed that filtering putatively
recombinant loci frequently resulted in highly supported differences among tree topologies.
For each method of tree estimation (ASTRAL and IQ-TREE), | performed 13 comparisons
between an Unfiltered tree and a tree estimated from a P_test subset (4 for both Tomatoes
and Primates, 3 for Metazoans, 2 for Plants). For concatenated trees, 2/13 comparisons had
a highly supported difference: the Metazoan subsets P_GENECONYV and P_PHI. There were
more highly supported differences for ASTRAL trees (6/13): Tomato subsets P GENECONYV,
P_MaxCHI, P_PHI, and P_All; Metazoan subset P GENECONYV; and Plant subset P_PHI. In
all but 1 case (comparing Metazoan CONCATP_GENECONYV to CONCATUnfiltered, which 1
discuss below), filtering to remove putatively recombinant loci did not impact relationships
between major clades (i.e., did not result in taxonomic reclassification of any taxa or change
relationships between well-established clades). The consequences of my chapter therefore
depend on the purpose of phylogenetic inference. For all datasets except the Metazoans, the
consistency in relationship between clades under both concatenation and summary methods
is reassuring for studies conducting downstream analyses. However, the majority of highly
supported differences occurred within two particular clades (Ctenophora in the Metazoan
dataset: 24 highly supported differences, Peruvianum in the Tomato dataset: 15 highly
supported differences) (Supplementary Table 3). For studies interested in the resolution of
these clades, this heterogeneity in phylogenetic signal is concerning. In these cases, |
recommend thoroughly exploring phylogenetic signal within the data (for example, applying
tests for recombination as | did here) and examining previous studies of the same system to
look for evidence of biological processes and topological variation. The results of this data
exploration can be used to determine appropriate phylogenetic models and tree inference
methods (Brown and Thomson 2018; Jermiin et al. 2020). Finally, if filtering loci is performed,
| recommend presenting both trees estimated from the filtered and unfiltered data. These
recommendations are consistent with the new phylogenetic protocol proposed by Jermiin et

al. (2020), which focuses on performing reproducible and transparent phylogenetics.

Filtering putatively recombinant loci had no impact on the topology of the Primate tree. Tree
topology was dependant on tree inference method. All trees estimated using the summary
method had identical topology (Figure 10, Supplementary Figure 3), and all trees estimated

using the concatenated method had identical topology (Supplementary Figure 7,
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Supplementary Figure 8). | found only one branch difference between the concatenated and
summary trees estimated from the Primates dataset. This difference occurs within the Cebidae
clade of the New World Monkeys, represented in the Primates dataset by 4 taxa
(Supplementary Figure 18). Vanderpool et al. (2020b) also observed the same difference in
topology, finding the concatenated ML trees had a balanced 4-taxa tree for this clade,
compared to the ASTRAL trees which resolved the clade as a fully unbalanced tree (also
known as a caterpillar tree). There is substantial conflicting signal within this clade (Schrago
and Seuanez 2019; Vanderpool et al. 2020b), with similar proportions of gene trees and
parsimony informative sites supporting each of the three possible topologies (Vanderpool et
al. 2020b), resulting in bias during tree reconstruction (Kubatko and Degnan 2007; Bryant and
Hahn 2020).

Aside from this clade, all primate trees were identical regardless of the test of recombination
or the tree inference method, and the topology of the Primates was not impacted by removing
putatively recombinant loci. The Primates dataset | analysed was constructed by identifying
single-copy orthologs from primate and non-primate genomes, with an average ortholog length
of 1018 base pairs (bp), and an average of 178 parsimony informative sites (Vanderpool et al.
2020a, 2020b). These sequences are similar in length to sequences used in previous studies
to identify substantial intra-genic conflict (Scornavacca and Galtier 2017; Mendes et al. 2019;
Smith et al. 2020). Given that for primates the mean length of an average non-recombining
segment without incomplete lineage sorting is less than 100 bp (Hobolth et al. 2011), loci within
the Primates dataset should be long enough to include conflicting phylogenetic signal.
However, both my results and Smith et al. (2022) found that almost identical trees were inferred
regardless of data filtering or tree estimation method, although the latter study focused on
inclusion/exclusion of paralogs and gene families rather than intra-loci recombination as | did
here. In both my chapter and the original Primates study (Vanderpool et al. 2020b), branch
support values were high for both concatenated and summary trees (almost all local posterior
probability = 1, same for UFB = 100), indicating low sampling variation (Thomson and Brown
2022). Despite the known presence of introgression and ILS within the Primates dataset (Tung
and Barreiro 2017; Schrago and Seuanez 2019; Vanderpool et al. 2020b; Smith et al. 2022),
filtering putatively recombinant loci does not impact tree inference under either concatenated
or summary tree methods. | hypothesise that there is sufficient phylogenetic signal in this
dataset to infer a backbone that is robust to the stochastic error introduced by different

sampling schemes.

Comparing subset trees to the Unfiltered Tomatoes dataset tree, | found filtering impacted

trees inferred using summary methods more than trees inferred using concatenation methods.
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Concatenated trees estimated from subsets of the Tomatoes dataset were either identical
(P_GENECONYV, P_MaxChi, P_PHI) or one branch away (P_All) to the tree estimated from
the Unfiltered dataset. However, inferring summary trees from the Tomatoes dataset subsets
resulted in at least 1 conflicting branch and at least 1 highly supported difference for each tree
estimated from a Clean subset (P_GENECONYV, P_MaxChi, P_PHI, P_All). Choice of test of
recombination impacted tree topology: the trees ASTRALp ceneconv @and ASTRALp maxchi were
identical, whereas ASTRALp pri and ASTRALp ai had distinct unique topologies. Of the 16
conflicting branches | observed when comparing Clean and Unfiltered ASTRAL trees, 15 were
highly supported difference with local posterior probability of 1. All conflicting branches for the
Tomato dataset occurred in the Peruvianum clade, which has previously been difficult to
resolve due to incomplete lineage sorting and a history of gene flow and introgression (Peralta
et al. 2005; Rodriguez et al. 2009; Labate et al. 2014; Pease et al. 2016a). In particular, | note
that choice of recombination test impacted the placement of taxa Solanum peruvianum 2744
and Solanum huaylasense 1364, which have undergone recent hybridisation (Labate et al.
2014; Pease et al. 2016a) of the 10 unique conflicting branches, 9 related to placement of the
taxa S. peruvianum 2744 and S. huaylasense 1364. | investigated this further by plotting all
gene trees as a cloudogram and observed substantial conflict within gene tree topologies
across all clades of the Tomatoes (Supplementary Figure 19). The Tomatoes dataset was
generated by mapping RNA-Seq reads to the Solanum lycopersicum ‘Heinz’ 1706 reference
genome and processing mapped reads into 2,745 non-overlapping genomic windows of 100
kbp (Pease et al. 2016a). The rapid radiation of Tomato clades resulted in ILS shown by the
high discordance within short branches of the tree (Pease et al. 2016a). Given that ASTRAL
is explicitly designed to accommodate ILS (Mirarab et al. 2014; Zhang et al. 2018b), the
difference in ASTRAL tree topology should stem from the differences in the recombination
tests in the putatively recombinant loci that they identify. The consistency of impacted taxa (S.
peruvianum 2744 and S. huaylasense 1364) across the filtered subsets, and the identical
topology of trees ASTRALp ceneconv @and ASTRALp maxchi, Suggests that applying the tests for
recombination to the Tomatoes dataset has revealed genuine biological signal that was

masked by inclusion of recombinant loci in the ASTRAL unitered tree.

The topology of the metazoan tree is contentious, with support for a number of different
phylogenetic hypotheses including alternate placements of Placozoa (Schierwater et al. 2009,
2021; Nosenko et al. 2013a; Whelan et al. 2015a). Previous studies have found substantial
conflicting signal within metazoan datasets (Nosenko et al. 2013a; Pandey and Braun 2020).
In particular, Shen et al. (2017) found support for three alternate, conflicting hypotheses for

the metazoan tree (Ctenophora as sister to all other animals i.e., Ctenophora sister; Porifera-
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sister; and a monophyletic clade of Ctenophora+Porifera as sister). | estimated both summary
and concatenated trees from different Clean subsets of the metazoan datasets and found that
the relationships between well-established clades were stable for 5/6 trees, with all differences
in these trees impacting relationships between Ctenophora species. Only one tree,
CONCATP ceneconv, had an alternate relationship between clades due to the movement of
Trichoplax adhaerens, the single representative of the Placozoa (Supplementary Figure 14).
Previous studies have found that data filtering can result in different relationships between
metazoan clades. Francis and Canfield (2020) were able to produce a highly-supported tree
by removing 1.7% of sites that strongly favoured alternate topologies. Alternatively, McCarthy
et al. (2023) took 5 alignments that had previously been used to estimate the metazoan
phylogeny, rejected the 25-52% of loci that successfully recovered 3 or more monophyletic
clades, and observed a different tree topology was inferred for 2/5 datasets (McCarthy et al.
2023). Despite finding similar proportions of loci rejected by the tests for recombination to those
of McCarthy et al. (2023), | found that the topological differences were limited to the

Ctenophora clade and did not impact relationships between the major clades.

Regardless of tree inference method all subset trees estimated from the Plants dataset were
different to the corresponding Unfiltered tree, and concatenated (CONCAT) trees had a higher
number of conflicting branches than summary (ASTRAL) trees. The Plants dataset consists of
transcriptomes (Leebens-Mack et al. 2019a), meaning that loci are likely to include multiple
conflicting evolutionary histories. The Plants dataset had the lowest ratio of loci to taxa (391
loci to 1178 taxa), and the Clean subsets included 89.0% (P_PHI) and 98.98% (P_MaxChi) of
those loci. Examining the ASTRAL trees, | identified a single highly supported difference (Lpp
> 0.9) from the 2353 branches (2 x 1178 — 3) of the Plants dataset. This highly supported
difference occurred in the Malpighiales clade of the ASTRALp pri tree (Supplementary Figure
15). Evolutionary relationships within the Malpighiales have been difficult to resolve due to a
rapid radiation during the mid-Cretaceous period (Davis et al. 2005), leading to high levels of
ILS and gene tree estimation error (Cai et al. 2021). However, even under the tree that has
the highest RF distance to the Unfiltered tree (CONCATp pri), the proportion of branches
impacted is only 1.3% (31 conflicting branches/2353 total branches) with only one highly
supported difference (Lpp > 0.9). My chapter corroborates Sanderson et al. (2010), who found
that tree reconstruction was possible for the majority of branches in a tree given a sparse
matrix, providing there was sufficient overlap among taxa. The occupancy of taxa in the final
Plants matrix varied (minimum number of taxa per locus = 38, maximum = 1131, median =
937.5), and therefore the decrease in phylogenetic signal will also depend on which loci are

removed. Despite the well-known challenges of sparse matrices, it is perhaps encouraging
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that filtering sometimes more than 10% of putatively recombinant loci, the impacts on the tree

topology of the plants dataset were relatively minor.

Each test for recombination uses a different underlying method. The PHI test measures the
mean refined incompatibility score, which can be interpreted as the minimum number of
homoplasies present to describe the history of any two sites (Bruen et al. 2006). The MaxChi
method identifies recombination breakpoints by comparing the number of segregating sites
on either side of a potential breakpoint from a pair of sequences with the number of segregating
sites in all other sequences (Maynard Smith 1992). Finally, GENECONYV (Sawyer 1989) looks
for gene conversion events by identifying long aligned segments shared between two
sequences. The proportion of loci rejected by each test and the topological impact of each test
varied across datasets. The Plants dataset had the smallest proportion of loci rejected (0.26—
0.51%) for the three tests for recombination, which is surprising given that this dataset is
comprised of transcriptomes and covered a huge evolutionary timescale, presenting
substantial opportunity for within-locus recombination. This surprising result suggests that the

power of all three tests to detect recombination may be very limited in certain situations.

The Tomatoes dataset had the highest proportion (43.55-64.12%) of loci rejected. This may
be due to the long mean locus length of 21k bp (over 21 times longer than the second-largest
mean locus length of ~1k bp for the Primates dataset). Pease et al. (2016a) applied the D-
statistic and Droi. (Pease and Hahn 2015) and identified introgression in 44% of Tomato
dataset loci, similar to the proportion of Tomato loci rejected by the MaxChi test (43.55%). The
Tomatoes have undergone extensive hybridisation and a rapid radiation (Labate et al. 2014;
Pease et al. 2016a). The Plants dataset was assembled to estimate the phylogeny of green
plants (Viridiplantae), which is estimated to include 450,000-500,000 species (Corlett 2016;
Lughadha et al. 2016). Leebens-Mack et al. (2019a) did note some gene tree discordance
within their dataset which they attribute to causes including rapid diversification, reticulate
evolution, and gene duplication and loss. However, they found generally congruent results
across multiple analyses (Leebens-Mack et al. 2019a). These suggested causes of gene tree
discordance would not be detected by the tests for recombination applied here, which each

identify specific signals of recombination.

Previous studies have investigated the impact of recombination on tree accuracy using
simulations. Lanier and Knowles (2012) investigated the effect of including recombinant loci in
Bayesian coalescent species tree analyses. Including recombinant loci resulted in a weak
negative effect on the accuracy of species tree estimation, but the increase in accuracy due to
adding more loci always outweighed any decrease from adding recombinant loci (Lanier and
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Knowles 2012). These simulations were criticised for underestimating recombination rates and
missing simulations for deep phylogenetic relationships (Gatesy and Springer 2014; Springer
and Gatesy 2018). Using empirical datasets from different clades of different depths allowed
me to ensure that recombination rates and other properties of the alignment were reflective of
real biological processes. By applying widely-used tests for recombination to published
empirical datasets, my chapter allows me to determine the impact of recombination on tree
topology in the context of common phylogenetic pipelines. One limitation of empirical studies
is that the true tree is unknown, meaning the extent of variation from the true tree cannot be
guantified. This is true of all empirical studies comparing trees estimated using different models
or different subsets of data. To manage this uncertainty, trees can be applied using
approaches such comparing the likelihood values of the different trees (de Oliveira Martins et
al. 2015) or applying tests for tree adequacy such as the AU test (Shimodaira 2002). In this
chapter, | applied the AU test (Shimodaira 2002) and the goodness-of-fit test (Ané 2021; Cai
and Ané 2021) to compare the set of trees inferred from different subsets of each alignment.
In addition, | compared tree topologies using the RF distance, weighted RF distance and
normalised RF distance (Robinson and Foulds 1981; Steel and Penny 1993). This allowed me
to quantify the variation in tree topologies among trees inferred from different subsets of each
dataset. While the true tree is unknown, for the datasets analysed in this chapter topological
differences in the tree inferred after removing putatively-recombinant loci were generally
localised to a particular clade associated with historical introgression or hybridisation events.
The impact of these topology differences depends on the purpose for tree inference. For
example, for the four datasets analysed in my chapter, the relationships between clades were
relatively stable between the different trees. However, if the particular relationship between
certain species is important for downstream analyses, these differences in topology will have

a larger impact and will necessitate further investigation.

The datasets in this chapter were selected specifically due to the potential for within-locus
recombination, as each locus was made up of large genomic regions or concatenated exons.
Each test for recombination applied in this chapter aimed to determine whether an individual
loci was a coalescence gene (c-gene), that is, a segment of the genome where each site has
an identical evolutionary history (which means there has been no recombination). When
analysing protein-coding genes, the number of base pairs in the gene is much smaller than
the genomic region over which the exons span. Springer and Gatesy (2016) analysed a
mammal dataset created by Song et al. (2012) and found the mean gene length in the genome
(start codon to stop codon) was 139.6 kb, dramatically larger than the reported length of 3.1

kb. In addition, Springer and Gatesy (2016) note that exons in some genes were separated by
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more than 100,0000 base pairs, and as such it is unreasonable to assume that exons within a
gene share an identical evolutionary history. Analysing such loci under a coalescent model
has been termed “concatalescence” (Gatesy and Springer 2013), and as each locus cannot
be a single c-gene (due to the large region of the genome each locus spans) this violates the
assumptions underlying the coalescent model. In general, concatalescence arises due to the
compromise between maximising phylogenetic signal (which is generally increased when
there are more sites in an alignment) and minimising noise and error (by attempting to capture
c-genes) (Bryant and Hahn 2020). Exons are less likely to contain conflicting evolutionary
histories, but may not contain sufficient phylogenetic signal to resolve gene trees with many
taxa (Mendes et al. 2019; Bryant and Hahn 2020). Unfortunately, the complexity and
stochasticity of biological evolutionary processes means that no phylogenetic method can truly

account for the levels of heterogeneous signal within empirical datasets.

Over the timescales of the four datasets involved in this chapter, especially for the Metazoan
and Plants datasets, the proportion of gene identified as putatively recombinant is surprisingly
low. Previously, Springer and Gatesy (2016) investigated the impact of recombination on the
mammal dataset of Song et al. (2012), which contains 447 protein-coding genes for 37
species. Using the recombination rate of primates, Springer and Gatesy showed that the
expected length of a c-gene within the mammals dataset was 12 base pairs — i.e., that on
average across the alignment, there is a recombination breakpoint every 12 base pairs. This
occurs due to a phenomenon called “recombination ratchet” (Springer and Gatesy 2018). To
understand recombination ratchet, suppose that there is a three taxon tree with topology
((A,B),C) and a short internal branch between species A and B, such that the branch is
susceptible to ILS and not all gene trees agree with the species tree. This creates a number
of breakpoints between c-genes in the genome, with different c-genes supporting different
topologies. Now, imagine adding another identical clade of three taxa ((D, E), F) to the tree.
While the recombination events in the two clades are independent, the alignment of taxa
A,B,C,D,E,F contains all the recombination breakpoints from both clades. By adding three
extra taxa, the number of recombination breakpoints in the alignment is doubled. Springer and
Gatesy (2018) simulated this exact example, and showed that adding the clade ((D,E),F)
halved c-gene length. As a consequence of recombination ratchet, c-gene size shrinks as the
number of taxa in an alignment grows (Springer and Gatesy 2018). Comparing this prediction
to the results of this chapter suggests that the three tests for recombination used within this
chapter have low power. Even when applying the most conservative measure of rejecting any
loci that failed one of more tests (Fai), there are a substantial proportion of loci classified as

putatively non-recombinant. In particular, | would expect the number of genes classified as
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putatively recombinant to be higher for the Metazoan and Plants datasets, which have deeper
evolutionary timescales than the Tomatoes and Primate datasets. Contrary to expectations,
the Plants dataset had the lowest proportion of genes identified as putatively recombinant.
This may be due to a weakness of the tests to classify genes in alignments with low
phylogenetic signal (1178 taxa), as the ratio of locus length to number of taxa is substantially
lower for the Plants dataset than for any other dataset (0.478 bp per taxon).

One further cause for concern is accuracy of the alignment process. In the last two decades,
the amount of sequencing data available has exponentially increased, resulting in massive
phylogenomic datasets that cannot be manually curated (Ranwez and Chantret 2020). Due to
the sheer scale of modern phylogenomic datasets and the number of processes within a
standard sequence alignment pipeline, it would be surprising for an alignment to be published
without any mistakes. Some studies have re-analysed published phylogenetic datasets and
identified alignment errors that directly impact conclusions drawn from the original study. For
example, Springer and Gatesy note multiple alignment errors in the mammal dataset of Song
et al. (2012), including: 21 loci with switched taxonomic names; 8 duplicated loci; 26 loci with
visible misalignments; and multiple loci with >50% missing data for individual taxa. Similarly,
Philippe et al. (2011b) reanalysed the previously published metazoan datasets of Dunn et al.
(2008) and Schierwater et al. (2009) and found poor orthology in both datasets, which they
attributed to contamination and paralogy that was missed during the original alignment
process. Other issues present in the two datasets included high proportions of missing data
(55.5% of characters in the Dunn et al. (2008) dataset); incorrect amino acids due to frameshift
and translation errors (4800 amino acid sites or 0.66% of the Dunn et al. (2008) alignment);
and both taxon misidentification and inclusion of paralogous loci in the Schierwater et al. (2009)
alignment. In both reanalysis studies (Philippe et al. 2011b; Springer and Gatesy 2016),
conclusions drawn from the tree inferred from the updated datasets contradict findings from
the original studies. Systematic errors including alignment error and ortholog misidentification
have been previously identified to introduce incongruence and increase intragenic conflict in
empirical phylogenomic datasets (Smith et al. 2020; McCarthy et al. 2023). This creates a
substantial problem when attempting to uncover sources of incongruence, and particularly
when attempting to determine historical reticulation events such as those occurring within the
Primates and Tomatoes datasets in this chapter. To mitigate these risks, | first suggest that
researchers interested in detangling reticulate biological events take extra care during the
alignment process. Philippe et al. (2011b) found that the manually-assessed dataset of
Schierwater et al (2009) had higher rates of errors, so ideally an automated pipeline with quality

checks will be used with manual alignment checks as a supplement. Second, | suggest that
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studies investigating recombination validate the alignment quality in putatively-recombinant
genes, to distinguish between those with genuine biological signal of reticulate evolution and

those with alignment errors.

In this chapter, | investigated the impact of removing putatively recombinant loci on tree
topology and branch properties for both concatenated and summary trees, for three tests of
recombination and four empirical multiple sequence alignments. Removing loci is known to
negatively impact tree accuracy by increasing sampling error, especially when the sample of
loci removed is biased (Sanderson et al. 2010; Molloy and Warnow 2018; Chan et al. 2020). |
found that generally, when comparing a tree estimated from an unfiltered dataset to a tree
estimated from a subset of the dataset with putatively recombinant loci removed, there were
more topological differences in summary trees than concatenated trees. The number of
differences was small, with only 0—4 conflicting branches when compared the filtered tree to
the unfiltered tree. In the worst case, removing putatively recombinant loci for a Plants dataset
with 1178 taxa and 391 loci, | found filtering impacted only 1.3% of branches. | recommend
trees should be estimated from the unfiltered and filtered dataset when tests for recombination
are applied, and that differences in trees should be considered in the context of the
evolutionary history of those species. Finally, my results suggest that the individual tests for
recombination used within this chapter have low power, even in the most generous case where

any loci identified as putatively recombinant by one or more test is rejected.

2.6 Data Availability Statement

All  scripts to replicate my analyses is available in the GitHub repository

https://github.com/caitlinch/gene_filtering. All alignments, trees, quartet concordance factors

and results csv files are available from  the Figshare repository
https://doi.org/10.6084/m9.figshare.26087437. The datasets analysed within this article are

available from the original publications: for Tomatoes, the Dryad repository
https://doi.org/10.5061/dryad.182dv; for Primates, the Dryad repository
https://doi.org/10.5061/dryad.rfi6g577d; for Metazoans, the Figshare repository
https://doi.org/10.6084/m9.figshare.4484138.v1l; and for Plants, the Data Commons
repository https://doi.org/10.25739/8m7t-4e85.
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2.8 Supplementary Tables

Supplementary Table 1: Analysis of the goodness of fit for summary (ASTRAL) species trees
under different filtering methods for four different datasets.

This test was only applied to the Primates and Tomatoes dataset. Z/a and p-value calculated
using the goodness of fit test (Cai and Ané 2021). The test statistic Z/a@ corrects the
uncorrected Z statistic (used to determine whether there are more outliers than expected) for
dependence between quartets. A statistically significant p-value indicates the tree does not
adequately fit the data. All trees in the Primates and Tomatoes datasets were inadequate. The
Robinson-Foulds (RF), normalised RF (hnRF) and weighted RF (WRF) distance for each tree
were calculated between that tree and the tree estimated from the unfiltered dataset
(Unfiltered), therefore no RF/wRF distances were calculated for trees estimated from the
Unfiltered subset. Only categories with 50 or more loci were included in comparison analyses.
ASTRAL does not output terminal branch lengths so these were arbitrarily assigned

Dataset Test Subset Z/o p-value RF dist. | nRF dist. | wRF dist.

P_PHI 13.59 | 2.26E-42 - - -

PHI F_PHI 39.1 0 2 0.018 15.673

Unfiltered 13.68 | 6.37E-43 0 0 1.550
P_MaxChi 14.26 | 2.00E-46 - - -

MaxChi F_MaxChi 20.24 | 2.09E-91 2 0.018 2.599

Primates Unfiltered 15.52 | 1.34E-54 0 0 0.848
P_GENECONV | 15.27 | 6.29E-53 - - -

GENECONV | F_ GENECONV | 17.34 1.09E-67 2 0.018 3.992

Unfiltered 13.41 | 2.48E-41 0 0 1.669
P_All 15.24 | 9.94E-53 - - -

All tests F_All 12.81 | 7.30E-38 2 0.018 2.598

Unfiltered 9.73 1.09E-22 0 0 1.333
P_PHI 19.72 | 6.95E-87 - - -

PHI F_PHI 25.97 | 6.05E-149 4 0.036 11.224

Unfiltered 23.12 | 1.56E-118 2 0.018 4.956
P_MaxChi 15.29 | 4.57E-53 - - -

MaxChi F_MaxChi 27.68 | 6.73E-169 6 0.055 11.763

Tomatoes Unfiltered 26.14 | 7.15E-151 4 0.036 4.873
P_GENECONV | 125 3.68E-36 - - -

GENECONV | F_GENECONV | 23.83 | 7.66E-126 4 0.036 7.357

Unfiltered 19.98 | 4.40E-89 4 0.036 4.854
P_All 10.37 | 1.62E-25 - - -

All tests F_All 18.17 | 4.10E-74 6 0.055 11.927

Unfiltered 21.26 | 1.21E-100 6 0.055 9.248
PHI P_PH - - - . -

Unfiltered - - 4 0.013 9.386
. P_MaxChi - - - - -

Metazoan MaxChi M nfiltered ] : 6 0.020 7.73

P_GENECONV - - - - -

GENECONV Unfiltered - - 30 0.101 26.10
PHI P_PH - - - . -

Unfiltered - - 42 0.009 85.18

Plants .

MaxChi P_MaxChi - - - - -

Unfiltered - - 18 0.004 11.48
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Supplementary Table 2: Analysis of the goodness of fit of each concatenated (IQ-TREE)
species tree, calculated using the AU test.

Only categories with 50 or more loci were included in comparison analyses. Each test contains
either two (the unfiltered tree; the P_test tree) or three (the unfiltered tree; the P_test tree; and
the F_test tree) trees. Rows in bold represent trees with a statistically significant p-value
(<0.05) that are rejected by the AU test. The expected likelihood weight is shown for each
subset for each dataset. A from max log likelihood is the difference between the log likelihood
for that tree and the maximal log likelihood in the set of trees being compared. The Robinson-
Foulds (RF), normalised RF (nRF) and weighted RF (WwRF) distance were calculated between
that tree and the tree estimated from the unfiltered dataset (Unfiltered), therefore no RF/wRF
distances were calculated for trees estimated from the Unfiltered subset. Only categories with
50 or more loci were included in comparison analyses.

Dataset Test Subset AI\;I;oxm tl:gt BF n_R F W.RF
LogL p-val, dist. dist. dist.

P_PHI 0 0504 | - _ -

PHI F_PHI 6835.9 0 4 | 0.036 | 0.354

Unfiltered 318E-04 | 0496 | 0 0 0.037

P_MaxChi 0 0497 | - - -

MaxChi | F_MaxChi 220E-04 | 0498 | 0 0 0.056

. Unfiltered 220E-04 | 0463 | 0 0 0.033
P_GENECONV 0 0.501 - _ -

GENECONV | F_ GENECONV | 7.42E-04 | 0465 | 0 0 0.033

Unfiltered 728E-04 | 0491 | 0 0 0.028

P_All 540E-05 | 0493 | - _ -

Alltests | F_All 0 0489 | 0 0 0.051

Unfiltered 283E-04 | 0476 | 0 0 0.041

P_PHI 0041 | 0447 | - _ ;

PHI F_PHI 4026.1 0 6 | 0.055 | 0.011

Unfiltered 0 0553 | 0 0 0.005

P_MaxChi 0 0518 | - _ -

MaxChi | F_MaxChi 3612.4 0 6 | 0.055 | 0.008

Tomatoes Unfiltered 0013 | 0482 | 0 0 0.003
P_GENECONV 0 0624 | - - -

GENECONV | F_ GENECONV | 277.98 | 0099 | 4 | 0.036 | 0.005

Unfiltered 0033 | 0593 | 0 0 0.003

P_All 0 0725 | - _ -

Alltests | F_All 5211 | 0277 | 2 | 0.018 | 0.014

Unfiltered 5211 | 0277 | 2 | 0.018 | 0.013

oni P_PHI 0 0616 | - _ -

Unfiltered 1.93 038 | 2 | 0007 | 051

| P_MaxChi 0 0526 | - - -

Metazoan MaxChi = fitered 1.86 0474 | 8 | 0027 | 1.1
P_GENECONV 0 0.994 _ -

GENECONV I filtered 98.63 | 0.006 | 24 | 0.081 | 2.55

oHl P_PHI 0 0695 | - - -

Plants Unfiltered 169.43 | 0305 | 62 | 0.013 | 289
Ve |P_MaxChi 9890 | 0380 | - _ -

Unfiltered 0 0620 | 58 | 0.012 | 147
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Supplementary Table 3: Conflicting branches with high support (local posterior probability >
0.9 or ultrafast bootstrap > 90) for all datasets and recombination tests.

“Tree subset” indicates the tree containing the highly supported difference (i.e., the branch is
present in the “Tree” and absent in the “Comparison tree”). “Branch Support” is local
posterior probability (LPP) for ASTRAL trees or ultrafast bootstrap (UFB) for CONCAT trees.
Branch lengths are in coalescent units for ASTRAL trees and substitutions per site for

CONCAT trees.
Comparison Branch Branch Branch
Dataset Tree subset tree subset Support | support value length

Tomatoes P_PHI Unfiltered LPP 1 0.181
Tomatoes Unfiltered P_PHI LPP 1 0.247
Tomatoes P_MaxChi Unfiltered LPP 1 0.186
Tomatoes P_MaxChi Unfiltered LPP 1 0.133
Tomatoes Unfiltered P_MaxChi LPP 1 0.247
Tomatoes Unfiltered P_MaxChi LPP 1 0.208
Tomatoes P_GENECONV | Unfiltered LPP 1 0.176
Tomatoes P_GENECONV Unfiltered LPP 1 0.150
Tomatoes Unfiltered P_GENECONV LPP 1 0.247
Tomatoes Unfiltered P_GENECONV LPP 1 0.208
Tomatoes P_All Unfiltered LPP 1 0.256
Tomatoes P_All Unfiltered LPP 1 0.171
Tomatoes Unfiltered P_All LPP 1 0.247
Tomatoes Unfiltered P_All LPP 1 0.208
Tomatoes Unfiltered P_All LPP 1 0.084
Metazoan P_GENECONV | Unfiltered LPP 1 1.107
Metazoan P_GENECONV | Unfiltered LPP 1 1.871
Metazoan P_GENECONV | Unfiltered LPP 0.92 0.666
Metazoan Unfiltered P_GENECONV LPP 1 0.472
Metazoan Unfiltered P_GENECONV LPP 1 1.167
Metazoan Unfiltered P_GENECONV LPP 1 1.077
Metazoan Unfiltered P_GENECONV LPP 1 0.755
Metazoan Unfiltered P_GENECONV LPP 1 1.444

Plants P_PHI Unfiltered LPP 1 0.269
Metazoan P_PHI Unfiltered UFB 94 0.009
Metazoan P_GENECONV | Unfiltered UFB 100 0.128
Metazoan P_GENECONV | Unfiltered UFB 100 0.050
Metazoan P_GENECONV | Unfiltered UFB 99 0.048
Metazoan P_GENECONV | Unfiltered UFB 95 0.036
Metazoan P_GENECONV Unfiltered UFB 98 0.022
Metazoan Unfiltered P_GENECONV UFB 92 0.027
Metazoan Unfiltered P_GENECONV UFB 100 0.062
Metazoan Unfiltered P_GENECONV UFB 100 0.047
Metazoan Unfiltered P_GENECONV UFB 100 0.034
Metazoan Unfiltered P_GENECONV UFB 99 0.020
Metazoan Unfiltered P_GENECONV UFB 93 0.015
Metazoan Unfiltered P_GENECONV UFB 100 0.023
Metazoan Unfiltered P_GENECONV UFB 100 0.023
Metazoan Unfiltered P_GENECONV UFB 100 0.031
Metazoan Unfiltered P_GENECONV UFB 93 0.015
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2.9 Supplementary Figures
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Colobinae
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Non-primate
Strepsirrhini
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Rhinopithecus roxellana
Chlorocebus sabaeus

Mandrilus leucophaeus
Papio anubis
Theropithecus gelada

MaxChi, Pass

Mus musculus
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Theropithecus gelada
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Supplementary Figure 3: ASTRAL trees estimated from the Primates dataset using the subsets
P_GENECONV, F_GENECONYV, P_MaxChi, F_MaxChi, P_PHI, F_PHI, P_ALL and F_ALL.
Only the topology of the Cebidae clade (shown in light blue) differs between trees.
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Tomatoes - ASTRAL
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Supplementary Figure 4: ASTRAL trees estimated from the Tomatoes dataset using the
subsets using the subsets P_GENECONV, F_GENECONV, P_MaxChi, F_MaxChi, P_PHI, F_PHI,
P_ALL and F_ALL.

Only the topology of the Peruvianum clade (shown in green) differs between trees.
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Metazoa - ASTRAL

GENECONYV, pass

Trichoplax adhaerens
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Clade legend Sp. Bilateria Sp. Cnidaria Sp. Ctenophora Sp. Placozoa Sp. Porifera
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Supplementary Figure 5: ASTRAL trees estimated from the Metazoan dataset from the
P_GENECONYV dataset (top), P_MaxChi subset (middle) and P_PHI subset (bottom).

All three trees have the same relationships between the 5 Metazoan clades (Bilateria, Cnidaria,
Ctenophora, Placozoa and Porifera). The majority of differences between trees occur in the
Ctenophora clade (shown in blue).
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Plants - ASTRAL

No Tests MaxChi, Pass PHI, Pass

(Unfiltered)

Clade legend
ANAGrade
Ceratophyllales
Chloranthales
Chlorophyta
Chromista
Eudicots
Glaucophyta
Gymnos
Hornworts

® Liverworts
Lycophytes
Magnoliids
Monilophytes
Monocots
Mosses
Rhodophyta
Streptophyte algae

o000

Supplementary Figure 6: ASTRAL trees estimated from the Plants dataset, from the Unfiltered
dataset (left), the P_MaxChi subset (centre) and the P_PHI subset (right).
The three trees have the same relationships between clades.
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Clade legend

Cebidae
Sp. Cercopithecinae
Sp. Colobinae
Sp. Hominidae
Hylobatidae
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Supplementary Figure 7: Concatenated tree estimated from the unfiltered Primates dataset
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Primates = CONCAT
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Supplementary Figure 8: Concatenated trees estimated from the Primates dataset using the
subsets P_GENECONV, F_GENECONV, P_MaxChi, F_MaxChi, P_PHI, F_PHI, P_ALL and

F_ALL.

Only the topology of the Cercopithecinae clade (shown at bottom of tree) differs between trees.
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Tomatoes — No Tests (Unfiltered)
CONCAT tree
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Supplementary Figure 9: Concatenated tree estimated from the unfiltered Tomatoes dataset
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Clade legend

Sp. Arcanum
Sp. Esculentum
Sp. Hirsutum
Sp. Outgroup
Sp. Peruvianum

Clade legend

Sp. Arcanum
Sp. Esculentum
Sp. Hirsutum
Sp. Outgroup
Sp. Peruvianum

Tomatoes — CONCAT

PHI, pass

. sitiens 4116
S. lycopersicoides 2951

L5 yeopersiciden 126

S. habrochaites 0407

. habrochaites 1777

S. pennelli 0716

S. pennelli 3778

. galapagense 0429
. cheesmaniae 0436
. galapagense 3909

All tests, Pass

. sitiens 4116
S. lycopersicoides 2051
s Iycopersicoides 4126

. habrochaites 0407

S. chilense 1782

. corneliomuelleri 0107
. corneliomuelleri 0444

S. lycopersicum 2933
. pimpinelifolium 1
. pimpinelifolium 1
S. lyco. 'Heinz 17C
. Iycopersicum 3¢
S. cheesmaniae 31
S. galapagense 0¢
S. cheesmaniae 0
S. galapagense 3

GENECONYV, pass

S. sitiens 4116

S. lycopersicoides 2951
15 yuopersoites 4126
S. habrochaites 0407
S. habrochaites 1777
S. pennelii 0716
. pennelli 3778

. Iycopersicum 2933
S. pimpinelifolium 1269
. pimpinelifolium 1589
S. lyco. 'Heinz 1706

. lycopersicum 3475

. cheesmaniae 3124
S. galapagense 0429
S. cheesmaniae 0436
S. galapagense 3909

MaxChi, Pass

S. sitiens 4116
S. lycopersicoides 2951
. Iycopersicoides 4126

S. habrochaites 0407

S. pennelli 3778
. chilense 1782

S. chilense 41174

. huaylasense 1364

S. peruvianum 2744

S. peruvianum 2964

S. huaylasense 1358
corneliomuelleri 0107
. corneliomuelleri 0444

neoricki
S. lycopersicum 2933

. pimpinelifolium 12€
s. pimpinelifolium 158
S. lyco. 'Heinz 1706'
S. lycopersicum 3475
. cheesmaniae 3124
S. galapagense 0429
S. cheesmaniae 0431
S. galapagense 390¢

PHI, fail

S. sitiens 4116,
S. lycopersicoides 2951

L5 ycopersciden 126

. habrochaites 0407

S. habrochaites 1777

S. pennelli 0716

S. pennelli 3778

S. huaylasense 1364

S. peruvianum 2744

S. chilense 1782

s. chilense 4117A

S. corneliomuelleri 0107

. huaylasense 135¢

. corneliomuelleri 0444

S. peruvianum 2964

s. galapagense 0429
. cheesmaniae 0436
galapagense 3909

All tests, Fail

S. sitiens 4116,
S. lycopersicoides 2051
. Iycopersicoides 4126
S. habrochaites 0407
. habrochaltes 1777
. pennelli 0716
. pennelli 3778

S. neorickii
S. lycopersicum 2933

. pimpinelifolium 1269
. pimpinelifolium 1589
S. lyco. ‘Heinz 1706'

. lycopersicum 3475

S. cheesmaniae 3124

S. galapagense 0429
S. cheesmaniae 0436
S. galapagense 3909

GENECONV, fail

. siiens 4116
S. Iycopersicoides 2051
. Iycopersicoides 4126
. habrochaites 0407
S. habrochaites 1777
. pennelli 0716
S. pennelli 3778
S. chilense 1782

. corneliomuelleri 0107
S. huaylasense 1358

. corneliomuelleri 0444

S. peruvianum 2964

S. lycopersicum 2933
. pimpinelifolium 1269
s. pimpinelifolium 1589
S. lyco. Heinz 1706

. Iycopersicum 3475
. cheesmaniae 3124
S. galapagense 0429
S. cheesmaniae 0436
S. galapagense 3909

MaxChi, Fail

sitiens 4116

S. lycopersicoides 2951
I Iycopersicoides 4126

44
peruvianum 2964

S. lyco. 'Heinz 1706'
S. lycopersicum 3475
. cheesmaniae 3124
S. galapagense 0429
S. cheesmaniae 043¢
S. galapagense 3909

Supplementary Figure 10: Concatenated trees estimated from the Tomatoes dataset using the
subsets P_GENECONV, F_GENECONYV, P_MaxChi, F_F_MaxChi, P_PHI, F_PHI, P_ALL and

F_ALL.

Only the topology of the Peruvianum clade (shown in green) differs between trees.
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Metazoa — CONCAT

No Tests
(Unfiltered)

Clade legend Sp. Bilateria Sp. Cnidaria Sp. Ctenophora Sp. Placozoa Sp. Porifera

GENECONV, pass

Monosiga ov;

‘Trichoplax adhaerens

Supplementary Figure 11: Concatenated trees estimated from the Metazoan dataset, estimated
from the Unfiltered dataset (top) and P_GENECONYV subset (bottom).

The bottom tree CONCATr_ceneconv has a different placement of Placozoa to the top tree
CONCATunritered. The majority of differences between trees occur in the Ctenophora clade
(shown in blue).
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Metazoa — CONCAT

MaxChi, Pass
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Clade legend Sp. Bilateria Sp. Cnidaria Sp. Ctenophora Sp. Placozoa Porifera

PHI, Pass

—T L — — Salpingoeca pyxidium
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n

Strongylocentrotus pur patus

yora olgacts
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—
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‘Agaima elegans

Supplementary Figure 12: Concatenated trees estimated from the Metazoan dataset, estimated
from the P_MaxChi subset (top) and P_PHI subset (bottom).

The two trees CONCATPr maxchi and CONCATp_pHi have the same arrangement of Metazoan
clades as the tree CONCATunfitered (Supplementary Figure 11). The majority of differences
between trees occur in the Ctenophora clade (shown in blue).
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Plants - CONCAT
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Clade legend

ANAGrade
Ceratophyllales
Chloranthales
Chlorophyta
Chromista
Eudicots
Glaucophyta
Gymnos
Hornworts
Liverworts
Lycophytes
Magnoliids
Monilophytes
Monocots
Mosses
@ Rhodophyta
Streptophyte algae

Supplementary Figure 13: Concatenated trees estimated from the Plants dataset, from the
Unfiltered dataset (left), the P_MaxChi subset (centre) and the P_PHI subset (right).
The three trees have the same relationships between clades.
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a CONCAT - Unfiltered b CONCAT - P_GENECONV
Choanoflagellata Choanoflagellata
Ctenophora Ctenophora
————————————Porifera —————————————Trichoplax adhaerens
———Trichoplax adhaerens ————Porifera
Cnidaria Cnidaria
Bilateria Bilateria

Supplementary Figure 14: One outlier branch (conflicting branch with ultrafast bootstrap > 90)
from CONCAT trees estimated from subsets of the Metazoan dataset.

The outlier branch occurs on tree CONCATP_ceneconv and involves alternate placement of the
Placozoa clade (represented by the species Trichoplax adhaerens). Tips within all clades
except Placozoa have been collapsed into clades (Choanoflagellata, Ctenophora, Porifera,
Cnidaria and Bilateria).

a. The CONCAT tree estimated from the Unfiltered Metazoan dataset
b. The CONCAT tree estimated from the P_GENECONYV subset of the Metazoan dataset
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ASTRAL Unfiltered
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Supplementary Figure 15: The single outlier branch (conflicting branch with posterior
probability > 0.9) from ASTRAL trees estimated from subsets of the Plants dataset.

Only a subset of tips in the tree are shown, from the clade Malpighiales (classification from
Leebens-Mack et al. (2019a): CoreEudicots/Rosids). The outlier branch occurs on tree
ASTRALP P All tips in the clade descending from the outlier branch are shown in grey, except
the tip Phyllanthus sp. which has different placement in the two trees.

a. The ASTRAL tree estimated from the Unfiltered dataset, showing different placement of

Phyllanthus sp.

b. The ASTRAL tree estimated from the P_PHI subset
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Supplementary Figure 16: Branch lengths for congruent and conflicting branches in CONCAT
trees for all four datasets.

Dataset names are listed on the right of each panel. Each subset tree was compared to the tree
estimated from the unfiltered dataset. Congruent branches were branches present in both the
unfiltered tree and the subset tree. Conflicting branches were present in only the unfiltered tree
or the subset tree. Where trees were identical to the tree estimated from the unfiltered dataset,
no conflicting branches exist and no boxplot for conflicting branches is present.
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Supplementary Figure 17: The Ultrafast Bootstrap (UFB) support for congruent and conflicting
branches in CONCAT trees for all four datasets.

Dataset names are listed on the right of each panel. Each subset tree was compared to the tree
estimated from the unfiltered dataset. Congruent branches were branches present in both the
unfiltered tree and the subset tree. Conflicting branches were present in only the unfiltered tree
or the subset tree. Where trees were identical to the tree estimated from the unfiltered dataset,
no conflicting branches exist and so no boxplot for conflicting branches is present.
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a ASTRAL b CONCAT
Callithrix jacchus Aotus nancymaae
T Aotus nancymaae Callithrix jacchus
Saimiri boliviensis Cebus capucinus imitator
Cebus capucinus imitator ! Saimiri boliviensis

Supplementary Figure 18: Topology of the Cebidae clade from the Unfiltered Primates dataset
under different tree inference methods

a. Clade topology extracted from summary tree estimated in ASTRAL (ASTRAL unfiltered)-
ASTRAL does not output terminal branch lengths, so these were arbitrarily set to 1 for plotting
purposes only

b. Clade topology extracted from concatenated tree (CONCATunfiitered) €Stimated in 1Q-Tree2
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Supplementary Figure 19: Cloudogram showing all gene trees from the Tomatoes dataset
simultaneously. Plot generated using the densiTree function in R package Phangorn v2.6.3
(Schliep 2011) with idea from DensiTree (Bouckaert 2010).
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Chapter Three

3.1 Abstract

Reconstructing the root of the tree of all animals is a central question in evolutionary biology.
Early morphological and molecular studies tended to place Porifera (sponges) as the sister
group to all other animals. More recently, phylogenomic studies have found support for a range
of different clades as sister group to all other animals, including Ctenophora, Porifera,
Ctenophora + Porifera or Porifera + Placozoa. In addition, the Porifera are sometimes resolved
as a monophyletic clade and sometimes a paraphyletic clade. Phylogenomic studies have
tended to recover each tree with very high bootstrap support but have also demonstrated that
the topology obtained can depend on relatively minor changes to the underlying dataset and/or
the model of sequence evolution used. Due to the complexity of reconstructing short branches
at deep evolutionary timescales, there is little consensus on the relationships between these
clades. Here, | use multitree mixture models to show that all combinations of previously
analysed datasets and models exhibit substantial support for a wide range of hypotheses. To
do this, | apply the recently developed multitree mixture model MAST (Mixtures Across Sites
and Trees) to all combinations of 14 previously published datasets and 26 models of molecular
evolution. The MAST method uses a mixture of bifurcating trees to represent multiple
evolutionary histories for a single concatenated alignment. | apply MAST to five common
hypotheses for the topology of early animal evolution and determine the relative weights of
each hypothesis for 14 datasets and 4 classes of model. | find that multi-tree models are
overwhelmingly preferred over single-tree analyses (47/56 analyses). For the 41 combinations
of dataset and model class where | estimated both 2- and 5-tree MAST models, the 5-tree
models were preferred (28/41) over the 2-tree (5/41) and single-tree (8/41) models. My results
suggest that using current methods, a single phylogenetic tree is insufficient to describe the

evolutionary history of Metazoa.

Keywords: Metazoa, Mixture model, Model adequacy, Early animal evolution, Heterogeneous

phylogenetic signal, Model misspecification

3.2 Introduction

Determining the root of the metazoan tree is an open problem in phylogenetics. Historically,
morphological analyses and early molecular phylogenies placed Porifera (sponges) as the
sister group to all other metazoan clades (Haeckel 1866; Wainright et al. 1993; Collins 1998).
Later phylogenetic analyses identified Ctenophores (comb jellies) as the sister group to all
other metazoan clades (Ryan et al. 2013; Moroz et al. 2014). Since then, phylogenetic studies

have found support for placing a range of different groups as the sister to all other metazoan
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clades (Figure 17), including Porifera (Philippe et al. 2009; Pick et al. 2010; Philippe et al.
2011b; Pisani et al. 2015; Simion et al. 2017a; Arcila et al. 2017; Redmond and McLysaght
2021a), Ctenophora (Dunn et al. 2008; Hejnol et al. 2009; Ryan et al. 2013; Moroz et al. 2014;
Borowiec et al. 2015; Whelan et al. 2015b; Shen et al. 2017), or a monophyletic group
consisting of Porifera and Ctenophora (Shen et al. 2017; Francis and Canfield 2020).
Alternative topological hypotheses have also been suggested (Schierwater et al. 2009),
although these are less commonly recovered from phylogenomic analyses. In addition to this
uncertainty around the sister group of all other metazoan clades, the monophyly or paraphyly
of the sponges has been contested, with some studies finding support for monophyletic
sponges (Philippe et al. 2009; Pick et al. 2010) and others for paraphyletic sponges (Sperling
etal. 2007, 2009; Borchiellini et al. 2008). Interestingly, Nosenko et. al. (2013a) found different
partitioning schemes of the same dataset could lead to support for either the monophyly or
paraphyly of sponges, suggesting that model choice may play a central role in determining the
outcomes of phylogenomic analyses of these questions. Due to the complexity in
reconstructing these relationships, there is no consensus on the evolutionary history of these
clades. Perhaps most surprisingly, support for different hypotheses has been shown to depend
on choices made during almost every step of the phylogenomic analysis pipeline, including:
the choice of loci (Laumer et al. 2018a; Pandey and Braun 2020), the filtering of sites from
each locus (Francis and Canfield 2020; McCarthy et al. 2023), taxon sampling (Philippe et al.
2011b), the choice of outgroup (Nosenko et al. 2013a), and the choice of the model of
substitution (Whelan and Halanych 2017; Kapli and Telford 2020; Redmond and McLysaght
2021a; Li et al. 2021).

Estimating the true evolutionary history of metazoan clades is complicated due to conflicting
signals within phylogenetic datasets. Shen et. al. (2017) examined 8 alignments of metazoan
species and found that 42.5 — 69.7% of genes and 39.8 — 59.6% of sites supported Ctenophora
as sister to all other metazoan clades, with the rest supporting either Porifera or a monophyletic
clade of Ctenophora and Porifera as the sister group to all other metazoan clades. This
perhaps explains why previous studies have found that filtering genes and sites can impact
the topology of the metazoan tree. One study found removing all sites that strongly supported
either Ctenophora-sister or Porifera-sister resulted in a highly-supported tree with the
monophyletic clade of Ctenophora and Porifera as the sister to all other animals (Francis and
Canfield 2020). Additionally, Nosenko et. al. (2013a) found that varying the gene sampling and

choice of outgroup resulted in different conflicting but well-supported topologies.
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a b. c
—DBilateria —Bilateria —Bilateria
—Chnidaria —Cnidaria —Chnidaria
Porifera Ctenophora —Ctenophora
Ctenophora —Porifera —Porifera
Outgroup Outgroup Outgroup
d. e
Bilateria Bilateria
Cnidaria Cnidaria
Demospongiae Ctenophora
Parifera
Hexactinellida Demospongiae
Porifera
Homoscleromorpha Hexactinellida
Porifera
Calcarea Homoscleromorpha
Porifera
Ctenophora Calcarea
Outgroup Outgroup

Figure 17: 5 possible alternative hypothesis topologies for early animals.

a. Ctenophora is the sister group to all other metazoans.

b. Porifera is the sister group to all other metazoans.

c. A monophyletic clade consisting of Porifera and Ctenophora is the sister group to all other
metazoans.

d. Poriferais a paraphyletic clade (Porifera clades marked in grey). Ctenophora is the sister
group to all other metazoans.

e. Porifera is a paraphyletic clade (Porifera clades marked in grey). The monophyletic clade
consisting of the Porifera clades Homoscleromorpha and Calcarea is the sister group to all
other metazoans (including the remaining Porifera clades Demospongiae and Hexactinellida).

Choice of substitution model also influences the relationships estimated between metazoan
clades. Studies using partitioned site-homogeneous models tend to find Ctenophora as the
sister to all other metazoan species (Ryan et al. 2013; Moroz et al. 2014; Whelan et al. 2015b,
2017a), while those using site-heterogeneous models such as the CAT model tend to recover
Porifera-sister (Pisani et al. 2015; Simion et al. 2017a; Feuda et al. 2017a). A reanalysis of 36
alignments from 15 published studies found that Porifera-sister is recovered under site-
heterogeneous CAT models with specific outgroups, while Ctenophora-sister is recovered
across the range of substitution models and outgroups (Li et al. 2021). Similarly, Redmond
and McLysaght (2021a) found that for three metazoan alignments, partitioned analyses with
site-homogeneous models recovered Ctenophora-sister but better-fitting site-heterogeneous

CAT models recovered Porifera-sister. In addition, the specific CAT model used has been
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shown to impact metazoan tree topology estimates. Whelan and Halanych (2017) reanalysed
two empirical phylogenetic datasets with CAT-GTR and CAT-F81 models and found the
Philippe et al. (2009) dataset inferred a Ctenophora-sister for both models, but the Nosenko et
al. (2013a) dataset inferred Ctenophora-sister for the CAT-GTR model and paraphyletic
Porifera as sister for the CAT-F81 model. These studies highlight that the choice of substitution
model can have an important impact on the outcome of phylogenomic studies of the

relationships between metazoan clades.

A major consideration when selecting models to infer the metazoan tree is whether to use a
site-homogeneous or site-heterogeneous model of sequence evolution. Previously, a range of
approaches have been applied to infer a maximum likelihood tree for the Metazoa. Studies
using site-homogeneous models apply either a single concatenated model (Dunn et al. 2008;
Hejnol et al. 2009) or more commonly a partition model (Borowiec et al. 2015; Whelan et al.
2015b, 2017a), and those using site-heterogeneous models apply either profile mixture models
(Laumer et al. 2018a) or an approximation of profile mixture models (Laumer et al. 2019a).
However, site-homogeneous models often underestimate saturation and convergent evolution
(Lartillot et al. 2007; Pisani et al. 2015; Telford et al. 2015). Studies investigating the
heterogeneous signal within the metazoan dataset have found that site-homogeneous models
have inadequate fit, resulting in long branch attraction and biasing tree topology (Kapli and
Telford 2020; Redmond and McLysaght 2021; Szantho et al. 2023). Any study investigating
the evolutionary history of the Metazoa must consider impact of model misspecification on tree

topology, particularly the potential for model misspecification from site-homogeneous models.

To my knowledge, all previous phylogenetic analyses of the Metazoa have applied a single-
tree framework. The maximum likelihood and Bayesian methods used for tree inference in
previous studies have the underlying assumption that the evolutionary history of the provided
species fits a single bifurcating tree. However, there is substantial conflicting signal within
metazoan phylogenetic datasets (see above). If proportions of the genome supporting different
evolutionary hypotheses are similar, that could explain how slight differences in model or site
filtering result in different topologies. Despite the conflict present within metazoan datasets,
previous phylogenetic studies of this group have high branch support values across the tree.
Branch support is often assessed using bootstrap support (Felsenstein 1985) or posterior
probability (Larget and Simon 1999), which are designed to determine the stochastic error due
to sampling (Thomson and Brown 2022). However, bootstrap support values are not a
measure of topological truth, as large genomic datasets have lower stochastic error and
therefore can have very high bootstrap values even in the face of substantial conflict within a

dataset (Rokas and Carroll 2006; Thomson and Brown 2022). The combined factors of
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conflicting signal within metazoan datasets, limits of branch support values, and assumption
of a single phylogenetic tree has resulted in multiple highly-supported but conflicting estimates
of the metazoan phylogeny. In this chapter, | relax the treelikeness assumption to assess
whether a single tree is appropriate to represent the evolutionary history of Metazoa, or

whether multiple trees are necessary.

The Mixtures Across Sites and Trees (MAST) method (Wong et al. 2024) is a new
generalization of phylogenetic methods which allows multiple evolutionary histories for a single
concatenated alignment by explicitly representing each evolutionary history with a separate
bifurcating tree. The MAST model works under a concatenation framework but relaxes the
assumption that all sites within an alignment must be represented by a single bifurcating tree.
Given an input alignment and a set of tree topologies, the MAST model calculates the
likelihood of each site under each tree, the maximume-likelihood weight of each tree, and other
details including branch lengths and parameters of the substitution model (Wong et al. 2024).
The MAST model does not explicitly model biological processes such as incomplete lineage
sorting (ILS) or recombination. However, MAST can represent many causes of conflict within
a dataset by incorporating multiple input tree topologies (Wong et al. 2024). In other words,
the MAST model facilitates investigation into conflicting and discordant phylogenetic signal
without the need to explicitly model biological processes. A mixture of trees approach is well-
suited to question of early animal evolution, as previous studies have shown that a single
maximum likelihood tree is unlikely to represent all of the phylogenetic information present
within an alignment of metazoan taxa (Philippe et al. 2011b; Nosenko et al. 2013a; Shen et
al. 2017; Francis and Canfield 2020; Redmond and McLysaght 2021a). However, those
studies have lacked the tools to evaluate the extent of the support for different hypotheses

within a single statistical framework. The MAST model provides that framework.

In this chapter, | use the MAST model to investigate whether a mixture of trees model
represents the evolutionary history of the Metazoa better than the single tree models that have
been used previously. To do this, | extend the previously published MAST model (Wong et al.
2024), such that identical branches in the input trees must have equal lengths. In this way, the
only difference between the input trees are the branches that differ between them, allowing
me to evaluate support for the existence of multiple evolutionary histories while retaining most
of the other assumptions made by single-tree models. | selected 14 published amino acid
alignments and identified 26 amino acid substitution models used to investigate the
evolutionary history of the Metazoa in these studies. Across all combinations of dataset and
model (two of which failed to complete) | found that a multi-tree model was preferred 47 times

out of 56, with a single-tree model preferred just 9 times. This strongly suggests that regardless
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of the choice of loci in a dataset, choice of model, and choice of data filtering methods, a single

phylogenetic tree is insufficient to represent the evolutionary history of the Metazoa.
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3.3 Methods

| identified 5 hypotheses of animal evolution that are frequently recovered from phylogenetic
studies (Figure 17). Most metazoan phylogenetic studies find a monophyletic clade of either
Ctenophora (Figure 17a) or Porifera (Figure 17b) as the sister to all other metazoans. Another
observed topology finds a monophyletic clade combining Ctenophora and Porifera as the sister
to all other metazoans (Figure 17c). Alternatively, the Porifera clade may be paraphyletic. In
this case there are two possible hypotheses: Ctenophora as sister to other metazoans
including paraphyletic sponges (Figure 17d), or a paraphyletic sponges as sister to all other
metazoans (specifically, the clades Calcarea and Homoscleromorpha form a monophyletic

grouping as the sister to other metazoans) (Figure 17e).

Here | provide a brief overview of my approach, and provide full details of each step below.
First, | identified 14 existing phylogenetic datasets and 25 substitution models that were
previously used to estimate the metazoan phylogeny across these studies. | divided these
models into four groups, where comparisons within each group could be made using the BIC.
For each combination of alignment and substitution model group | first estimated a maximum
likelihood tree in 1Q-Tree2. | selected the best model in each group, then estimated 5
constrained maximum likelihood trees which match the 5 most commonly-recovered
topological hypotheses for metazoans shown in Figure 1. For each combination of 14 datasets
and four model groups (56 in total) | then used the MAST model to compare the fit of a one-
tree model, a two-tree model (containing just the trees shown in Figure 1la and 1b) and a five-
tree model (all trees in Figure 1), and to estimate the associated weights of each tree in each
case. The AU test works on the strict assumption that a single tree underlies the evolutionary
history of the sequence, and is often used to compare trees in a phylogenetic framework
(Shimodaira 2002; Planet 2006). Comparing BIC of the 1-tree, 2-tree and 5-tree model is a
more rigorous framework as it relaxes the treelikeness assumption, allowing me to consider

alternative topologies and alternative mixtures of trees simultaneously.

3.3.1 Datasets and matrix selection

| gathered papers from the literature investigating the relationships between the clades at the
root of the metazoan tree. | selected all papers that: included 1 or more taxa in the Ctenophora,
Cnidaria, Porifera, Placozoa and Bilateria clades; had amino acid alignments; and had
alignments deposited and available in supplementary information or an external repository.
This resulted in a list of 15 studies, of which two (Hejnol et al. 2009; Simion etal. 2017a, 2017b)
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were computationally intractable for my analyses. The 13 remaining studies and corresponding

alignments are detailed in Table 4.

Table 4: Alignments selected for analysis.

Manuscript refers to the original publication of each alignment. Repository is the source of the

alignment file, which may be supplementary material in the original manuscript, a data

repository for the original manuscript, or a data repository for a different manuscript. Matrix
name is the name of each alignment file at the source for that alignment file. The number of
taxa and number of amino acid sites for each alignment is also listed.

Manuscript Repository Matrix name f‘(l)l;r;':;l’ l:;:rsr;:;esr
Dunn et al. (2008) | Li et. al. (2020b) Dunn2008 64 21152
(Pztgl(l)g?e etal gggg‘;e et.al. Philippe_etal_superalignment 55 30257
Pick et al. (2010) | Li et. al. (2020b) Pick2010 83 19002
(Pzr(‘)”;ﬁ’g)e etal gg'ﬁg? et-al. UPDUNN_MB 77 18463
g%s%e:sr;k)o etal zﬂz%sgnbk)o et. al nonribosomal_9187_smatrix 71 9189
g%ﬁ%r;k)o etal. 2\12%31%an<)0 et al. ribosomal_14615_smatrix 71 14614
Ryan et al. (2013) I\R/IidLyms%r;Jita F2d021 b) inc}?u%ﬁaiggggsp;éna 61 88384
Moroz et al. (2014) | Li et. al. (2020b) ED3d 46 20772
I(BZ%r;);v)iec et al. ?Z%r%/v)iec et. al. Best108 36 41808
Chang et al. (2015) erou1d7ab)et' al. Chang_AA 77 51940
\(’;’S%ab”) etal gg%a;n et-al. Dataset10 70 59733
\(’;’8;3'73:) etal ggf;ab”) et. al. Metazoa_Choano_RCFV_strict 76 49388
'(-23611”%;2; etal '('236‘{2‘;; et. al. Tplx_phylo_d1 59 73547
'(-2""611%2; etal '(5‘6‘{3? o %‘C) nonbilateria_ MARE_BMGE 51 61096

Where more than one alignment was created for a single study (e.g., due to different filtering

schemes), | selected the alignment used for the main phylogenetic tree figure in the results

section. For some papers, there was no obvious main phylogeny, or the main phylogeny did

not include the relevant clades. In this case, | selected the alignment that best met my

requirements. For Moroz et. al. (2014), the phylogenetic trees estimated from the alignments

were included as Extended Figures 3a and 3d. | selected the alignment used for Extended

Figure 3d asitincluded more taxa (12 Ctenophora species instead of 2). Laumer et. al. (2019a)

included multiple alignments including different clades, and | selected the most taxon-rich

alignment used to estimate the phylogeny seen in Figure 5, which focuses on the relationships
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between metazoan clades. Finally, | selected both the ribosomal and non-ribosomal gene
matrices from Nosenko et. al. (2013a), as they had different tree topologies. This resulted in a
total of 14 alignments from 13 studies (Table 1). The number of taxa in the alignments varied
between 36 and 94 species, and the number of sites between 9 kb and 270 kb. | did not modify
or filter alignments in any way, except to update taxon names to be consistent across datasets
and allow the alignments to be batch processed using scripts. Results from the original studies
are summarised in Supplementary Table 4. My alignments are available from the Figshare
repository for this project (https//doi.org/10.6084/m9.figshare.26087386).

3.3.2 Substitution model selection

Previous studies into the question of metazoan relationships have used a wide variety of
substitution models. In this chapter | sought to examine the impact of model choice by applying
all previously-used amino-acid models to the list of 14 datasets described above, including in
papers that have re-analysed those datasets (Pisani et al. 2015; Feuda et al. 2017a; Shen et
al. 2017; Whelan and Halanych 2017; Francis and Canfield 2020; Li et al. 2021; Redmond and
McLysaght 2021a). To do so, | extracted a list of all substitution models used to estimate
metazoan phylogenies from each paper and removed any gamma, site frequency, or rate
heterogeneity across site parameters. To create my list of models | wrote custom R v4.3.1
scripts using the packages ape v5.7.1 (Paradis and Schliep 2019), phangorn v2.11.1 (Schliep
2011; Schliep et al. 2017), phylotools v0.2.2 (Zhang 2017), stringr v1.5.1 (Wickham 2023) and
TreeTools v1.10.0 (Smith and Paradis 2023). To replicate this process, the R scripts
data_dataset_info.R, 00_Li_extracting_all_models.R, 00_Redmond_extracting_all_models.R,
and func_data_processing.R are available at the GitHub repository for this project
(https://github.com/caitlinch/metazoan-mixtures). This resulted in a list of 25 amino acid
substitution models: GTR20, JTT, JTTDCMut, LG, mtZOA, Poisson, PMB, rtREV, WAG, CF4,
EHO, EX_EHO, EX2, EX3, LG4M, UL2, UL3, Poisson+C20, Poisson+C60, LG+C20, LG+C60,
PMSF LG+C20, PMSF LG+C60, PMSF Poisson+C20, PMSF Poisson+C60.

| split these models into four categories described below, as the fit of different classes of
models cannot be compared using information criteria such as BIC (Crotty and Holland 2022):
the profile mixture (PM) class; the posterior mean site frequency (PMSF) class; the mixture
class; and the Q class. First, the profile mixture (PM) class contains all C20/C60 models (Le
et al. 2008a) previously applied to the metazoan phylogeny: Poisson+C20, Poisson+C60,
LG+C20, and LG+C60. These empirical profile mixture models are an empirically determined,
pre-learnt version of the site-heterogeneous CAT model that can be applied during maximum

likelihood tree estimation while explicitly accounting for differences in evolutionary pressure

127


http://https/doi.org/10.6084/m9.figshare.26087386
https://github.com/caitlinch/metazoan-mixtures

A Single Tree is Insufficient to Describe Evolutionary Relationships...

between sites (Lartillot and Philippe 2004, 2006; Lartillot et al. 2007; Le et al. 2008a). The
posterior mean site frequency (PMSF) class (Wang et al. 2018) category contains the following
models: PMSF LG+C20, PMSF LG+C60, PMSF Poisson+C20, and PMSF Poisson+C60. The
PMSF models are a rapid and computationally-efficient approximation for the empirical profile
mixture models, where each site in the alignment is assigned an amino acid profile calculated
from an input mixture model and a guide tree (usually calculated with an empirical exchange-
rate matrix model such as LG) (Wang et al. 2018). The Mixture class contains the protein
mixture models: CF4, EHO, EX _EHO, EX2, EX3, LG4M, UL2, and UL3. Protein mixture
models include multiple substitution matrices (between 2 and 6 matrices for the models in this
chapter), and the likelihood of each site is calculated as a weighted average over the set of
matrices (Le et al. 2008b). Finally, the Q category contains the empirical exchange-rate
matrices: GTR20, JTT, JTTDCMut, LG, mtZOA, Poisson, PMB, rtREV, and WAG. These
models consist of a single matrix specifying transition rates between each pair of amino acids,
and a set of state frequencies (Minh et al. 2021). To check whether | was missing any models
| also added ModelFinder (Kalyaanamoorthy et al. 2017) to the list of models, meaning |
performed a model search in 1Q-Tree with ModelFinder to identify the best model for each
dataset. As the MAST model implementation in 1Q-Tree (Wong et al. 2024) cannot use
partitioned models, | took a concatenated approach and applied a single substitution model to

all the sites in an alignment.

3.3.3 Maximum likelihood tree estimation

For each dataset | estimated a single maximum likelihood tree from each of the 25 substitution
models listed above, plus a maximum likelihood tree estimatedthe with the model selected by
ModelFinder. Estimating maximum likelihood trees using PMSF models required estimating
the site frequency profiles, resulting in a three-step tree estimation process. Trees estimated

from the other three model classes required only a single 1Q-Tree command.

For each model in the PM, Mixture, and Q category (n=21 models), | estimated a concatenated
maximum likelihood tree in IQ-Tree2 v2.2.0 (Minh et al. 2020b) for each dataset. The command
line usedwas “igtree2 -s alignment.fa -mset model --mrate E,I,G,I+G,R,I+R
-bb 1000”, where “model” indicates the model of interest and “alignment. fa” indicates
the alignment file. Here, “-mset model” restricts model selection to only the model specified
(e.g., if the model is LG, the command is “-mset LG” and only the LG model is considered). |
specified the rate heterogeneity types for model selection with the mrate option using the
command “--mrate E,I,G,I+G,R,I+R”, which resulted in selection of the best model of
rate heterogeneity by ModelFinder for each analysis. For each analysis | performed 1000
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ultrafast bootstraps (UFB) using the command “-bb 1000” (Hoang et al. 2018a). For the
ModelFinder tree estimation only, | used the command “igtree2 -s alignment.fa -m
MFP --mrate E,I,G,I+G,R,I+R -bb 1000", where the command “-m MFP” results in

model selection using ModelFinder.

For each model in the PMSF category (n=4), | followed a three-step process to estimate the
maximum likelihood tree. First, a guide tree was estimated using the alignment and a simpler
substitution model using the 1Q-Tree2 command “igtree2 -s alignment.fa -m
'"LG+F+G' -pre guidetree”, where “alignment.fa” was the alignment file and
“‘guidetree” was the prefix for IQ-Tree2 to include in the output files. Second, the guide tree,
the complex model and the alignment are used to estimate the mixture model parameters and
infer the site-specific frequency profile. | used the command line “igtree2 -s
alignment.fa -m model -ft guidetree.treefile -n 0 -pre sitefreqgs”, where
‘model” was the relevant PMSF class model, “-ft guidetree.treefile” specified the
guide tree estimated in the previous step, and “sitefreqgs” was the output prefix for the site-
specific frequency profile. As this step is memory intensive, | specify 0 threads using “-nt 07,
which stops the analysis after estimating the site frequencies file. Finally, the inferred
frequency model is used to estimate a phylogenetic tree with 1000 ultrafast bootstrap
replicates using the command “igtree2 -s alignment.fa -m model -fs
sitefregs.sitefreq -b 1000”. The site-specific frequency profile was specified using
the command “-fs sitefregs.sitefreq’, and the PMSF model was specified using “-m
model”. For the PMSF models | specified the model of rate heterogeneity as “+F+R4”, as
previous analyses of metazoan phylogenetic datasets applied the PMSF model with four rate
classes (R4) (Laumer et al. 2018a) and included state frequencies from the alignment (Laumer
et al. 2018a; Kapli and Telford 2020).

In total, | estimated 14 X 26 = 364 maximum likelihood trees. To estimate maximum likelihood
trees | wrote custom R v4.3.1 scripts using the packages ape v5.7.1 (Paradis and Schliep
2019), phylotools v0.2.2 (Zhang 2017) and stringr v1.5.1 (Wickham 2023). The R scripts to
replicate my analyses 01 estimate all trees parallel.R, 01 estimate PMSF trees.R,
func_estimate_trees.R, func_data_processing.R, and func_pmsf_trees.R are available at the

GitHub repository for this project (https://github.com/caitlinch/metazoan-mixtures).

3.3.4 Hypothesis tree estimation

Conducting MAST and AU test analyses requires a set of hypothesis trees for each dataset. |

estimated constrained maximum likelihood trees using a guide tree for each of the 5
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hypotheses of metazoan evolution (Figure 17). | refer to these constrained trees as “hypothesis
trees”. Due to computational limitations, | limited these analyses to one model per class for
each dataset. | selected the best model from each of the four classes for each dataset, by
comparing the BIC for each tree estimated from a model in this class and selecting the model
with the lowest BIC. For each best model, | identified the model of rate heterogeneity and state
frequencies determined by ModelFinder and used these parameters to estimate constrained
trees (see below). For example, the best Mixture class model for the Ryan 2013 dataset was
LG4M, and the model selected by IQ-Tree including rate heterogeneity and state frequency
parameters was “LG4M + R6{0.16,0.05,0.22,0.23,0.21,0.61,0.23,1.25,0.15,2.44,0.04,4.54}".

| found that the MAST model was unable to run when the best GTR models included an
invariant sites model (about half the GTR models). To address this, when GTR was the best
Q class model | estimated a new best GTR model for each alignment without the +I model of

rate heterogeneity.

To construct the guide trees, | manually classified the taxa in each alignment into the following
clades: Outgroup, Ctenophora, Porifera, Placozoa, Cnidaria, and Bilateria. | then constructed
a multifurcating guide tree for each of the five alternative phylogenetic hypotheses for each
alignment. Two datasets (Dunn 2008 and Borowiec 2015) contained a single taxon from the
Porifera, and therefore only the first three hypotheses could be tested for these datasets. In
total, | constructed 12 X 5 + 2 x 3 = 66 guide trees. Placozoa was not included in either the
alternative phylogenetic hypotheses or the multifurcating constraint trees, as the placement of
Placozoa varies in different phylogenetic analyses of the Metazoa (Philippe et al. 2009; Pick
et al. 2010; Nosenko et al. 2013a; Moroz et al. 2014; Simion et al. 2017a). As guide trees do
not need to contain all taxa in an alignment, Placozoa is included in tree estimation even when

excluded from the guide tree, and its position is estimated by maximum likelihood.

| estimated hypothesis trees in 1Q-Tree2 v2.2.0, using the command line “igtree2 -s
alignment.fa -m best model -g guide tree.nex’.Here, “alignment.fa” was the
alignment, best _model was the best model for a given class including state frequency and
rate parameters, and “guide tree.nex” was the guide tree constraining maximum
likelihood tree estimation. For the PMSF model class, | added the command “-fs
sitefregs.sitefreq” to specify the site-specific frequency profile associated with the best
model. | had 4 classes of models, 12 datasets with 5 guide trees and 2 datasets with 3 guide

trees, resulting in a total of (4 X 12 X 5) + (4 x 2 x 3) = 264 hypothesis trees.
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| wrote a custom R v4.3.1 script with the R packages ape v5.7.1 (Paradis and Schliep 2019)
and stringr v1.5.1 (Wickham 2023) to estimate hypothesis trees. The scripts available to
reproduce these analyses are available in the files 02_estimate hypothesis_trees.R,
func_estimate_trees.R, func_data processing.R and data_dataset info.R at the GitHub

repository for this project (https://github.com/caitlinch/metazoan-mixtures). | plotted results

using custom R v3.4.1 scripts using the packages ape v5.7.1 (Paradis and Schliep 2019), dplyr
v1.1.4 (Wickham et al. 2021), ggplot2 v3.4.4 (Wickham 2016), ggtree v3.8.2 (Yu et al. 2017;
Xu et al. 2022), patchwork v.1.1.3 (Pedersen 2022), reshape2 v1.4.4 (Wickham 2007), and
readxl v1.4.3 (Wickham and Bryan 2023). The scripts to replicate my plotting are available on
the GitHub repository for this project in the files 05_plots.R, 05_plots_5trees.R, and
func_plotting.R.

3.3.5 Applying the MAST model

| planned to estimate 1-tree, 2-tree MAST models, and 5-tree MAST models for each
combination of dataset and model class. | found estimating 5-tree MAST models from PM
models was computationally intractable (not completed when run with >200 threads for >4
weeks), limiting me to just 2-tree MAST models for the PM mixture class. For the other three
model classes (PMSF, Mixture, and Q) | estimated both 2-tree and 5-tree MAST models for
each dataset. In total, | performed (1 x 1 x 14) + (3 X 2 X 14) = 98 MAST analyses.

The Mixtures Across Sites and Trees (MAST) model was introduced by Wong et al. (2024).
Given a set of input trees, MAST will optimise the mixture of trees including the relative weights
of each input tree, the branch lengths in each topology, and the parameters of the evolutionary
model (Wong et al., 2024). The most general MAST model has unlinked parameters, so each
class has independent tree topology corresponding to one of the input trees, branch lengths,
substitution model, state frequencies, and the rate heterogeneity across sites model. In this
chapter, | apply a more restrictive linked MAST model where the substitution model, state
frequencies, and rate heterogeneity models are identical across all classes. In addition, |
introduce the branch-length-restricted model (“+TR”), where branch lengths are linked across
topologies such that a branch b; of tree T; is considered equal to the length of branch b;in tree
T; if both branches b; and b; split the trees T; and T; into the same sets of taxa (in other words,
where the same branch appears in more than one tree in the MAST model, that branch must

have the same length in all trees).

| applied the MAST model (Wong et al. 2024) using IQ-Tree2 v2.2.6.hmmster (now available
as 1Q-Tree v2.3.0 at https://github.com/igtree/iqtree2/releases/tag/v2.3.0). To run the MAST
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model | used the command “igtree2 MAST -s alignment.fa -m 'best model+TR'
-te hypothesis trees.nex -blmin 100/N". For PMSF models, | added the command
“~-fs sitefregs.sitefreq’ to specify the site-specific frequency profile for that dataset.
Here, igtree2 MAST refers to the IQ-Tree2 version containing the MAST implementation.

The set of hypothesis trees (either 2 or 5) swas specified with the command “-te
hypothesis trees.nex’. As detailed above, | fixed the model of evolution for each class
as the best model from that class including rate heterogeneity and state frequencies, and for
the PM class models only | included weights and rates for each profile. | used the command
‘“-m 'best model+TR'” to specify that best model with the branch-length restricted MAST
model, as detailed above. Using the command “-blmin 100/N” | set the minimum branch
length for each run to 100/N, where N is the number of sites in that alignment. This ensured
that each branch contained at least one substitution, thus conservatively ensuring that the use
of multiple trees in an analysis results in a non-zero likelihood cost. Lastly, | increased the
weight to 0.0001 for any PM profiles with a weight of 0, as weights of exactly 0 caused the
software to crash. This impacted the PM model parameter weights for 4 datasets: Dunn et al.

(2008), Moroz et al. (2014), Nosenko et al. (2013a) non-ribosomal and Ryan et al. (2013).

Three combinations of PM model class and dataset were unable to run successfully. In two
cases, MAST repeatedly crashed (i.e., failed to optimise weights) for the best PM model. For
these analyses, | instead applied MAST with the second-best model from that category: for the
Nosenko 2013 non-ribosomal matrix, | replaced the best model Poisson+C60 with the second-
best model LG+C60. For the Laumer 2018 matrix, | replaced the best model LG+C60 with the
second-best model LG+C20. Finally, the Pick 2010 matrix was unable to identify a maximum-
likelihood 2-tree mixture model in a tractable time, and | excluded this analysis after waiting >8

weeks. Consequently, the Pick 2010 dataset has no multi-tree models for the PM model class.

| wrote a custom-written R v4.2.1 script with the R packages ape v5.7.1 (Paradis and Schliep
2019) and stringr v1.5.0 (Wickham 2023) to apply the MAST model to each alignment and
extract the results. | plotted results as described above. The scripts available to repeat these
analyses are available in the files 02_estimate_hypothesis_trees.R, func_estimate_trees.R,
and func _data processing.R at the GitHub repository for this project
(https://github.com/caitlinch/metazoan-mixtures). Results and output files are available from
the Figshare repository (https://doi.org/10.6084/m9.figshare.26087386).

132


https://github.com/caitlinch/metazoan-mixtures
https://doi.org/10.6084/m9.figshare.26087386

Chapter Three

3.3.6 AU tests

| performed the approximately unbiased (AU) test (Shimodaira 2002) for each set of trees used
in either a 2-tree or 5-tree MAST mixture. The AU test is commonly used in phylogenetics to
compare trees (Planet 2006). The AU test asks which of the alternative phylogenetic
hypotheses can be rejected in favour of the ML tree given the data and model, and assuming
that a single tree can represent the dataset and that the single tree is the ML tree under the
best model (p<0.05). For each combination of dataset and model class, | performed the AU
test once with the two hypothesis trees used for the 2-tree MAST model, and once with the 5
hypothesis trees used for the 5-tree MAST model. This resulted in a total of 14 x 4 x 2 = 112
AU tests.

To perform AU tests, | used 1Q-Tree2 v2.2.0 with the command “igtree2 -s
alignment.fa -m best model -z hypothesis trees.nex -n 0 -zb 10000 -zw
-au -pre prefix”, where “alignment.fa” is the alignment, “best model” is the best
model for that model class as detailed above, “hypothesis trees.nex” is the nexus file
containing the five maximum likelihood hypothesis trees for this combination of alignment and
initial model, and prefix is a unique identifier for this set of input parameters. When the best
model was a PMSF model, | added the command “-fs sitefreqgs.sitefreq” to specify

the site-specific frequency profile associated with the best model.

| wrote a custom-written R v4.2.1 script with the R packages ape v5.7.1 (Paradis and Schliep
2019) and stringr v1.5.0 (Wickham 2023) to apply the tree topology tests to each alignment
and extract the results. The scripts available to repeat these analyses are available in the files
02_estimate_hypothesis_trees.R, func_estimate_trees.R, and func_data processing.R at the

GitHub repository for this project (https://github.com/caitlinch/metazoan-mixtures). | plotted

results as described above. Results and output files are available from the Figshare repository
(https://doi.org/10.6084/m9.figshare.26087386).
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3.4 Results

3.4.1 Multi-tree models are generally preferred over single-tree models

Table 5: BIC scores for single-tree and multi-tree models, across 14 empirical phylogenetic

datasets and 4 classes of substitution model.

For each class, the hypothesis tree with the lowest BIC is noted as the single-tree model and
the hypothesis is listed in the Tree topology column. Any analyses with >1 tree were estimated
using the MAST model. Any MAST analyses that were not possible to estimate are excluded

from this table. The analysis with the lowest BIC for each combination and dataset and model
class are shown in bold. For each combination of dataset and model class, the A BIC column
indicates the difference between the best BIC and each BIC.

Dataset Model Best model Number Tree BIC A BIC
class of trees | topology
1 CTEN | 138670827 | 16.22
Q GTR20+F+R7 2 _ 1386714.02 | 21.97
5 Z 1386692.05 0
1 CTEN | 1370933.49 0
Mixture UL3+R7 2 _ 1370943.06 | 958
Dunn 2008 5 Z 1370937.30 | 3.81
1 CTEN | 1215369.63 0
PMSF | Poisson+SSF+F+R4 2 _ 1215387.67 | 18.04
5 Z 1215407.06 | 37.43
1 CTEN | 1351879.28 | 574.63
L SR 2 — 1351304.65 0
1 CTEN | 1668411.75 | 999.1
Q GTR20+F+R7 2 _ 1667815.03 | 402.38
5 Z 1667412.65 0
1 CTEN | 164910825 | 537.42
ohilppe | MiXtUre sk 2 _ 1648869.60 | 298.77
2009 T T oTEn | 145405044 | 5143
pmsp | Poisson+SSF+F+R4 2 _ 145481918 | 1117
5 _ 1454808.01 0
1 CTEN | 1614346.60 | 642.14
L Cegr e Ry 2 — 1613704.55 0
1 CTEN | 1689817.07 | 677.68
Q GTR20+F+R8 2 _ 1689459.14 | 319.74
5 _ 1689139.40 0
1 CTEN | 1665577.75 | 42525
. Mixture UL3+R8 2 _ 1665330.88 | 178.37
PERATI 5 — 1665152.50 0
1 CTEN | 1511872.00 | 62.04
PMSF | Poisson+SSF+F+R4 2 _ 1511813.70 | 3.73
5 _ 1511809.96 0
PM CB0+LG+F+R9 1 CTEN | 1633387.59 0
1 CTEN | 1680883.42 | 49041
Q GTR20+F+R8 2 _ 1680553.14 | 160.13
5 _ 1680393.012 0
Philippo | 1 CTEN | 165612471 | 723.25
o Mixture UL3+R8 2 _ 1655650.88 | 249.42
5 _ 1655401.46 0
1 CTEN | 150215697 | 218
PMSF | Poisson+SSF+F+R4 2 _ 1502135.16 0
5 Z 1502166.53 | 31.37
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Dataset | Model Best model Number | Tree BIC A BIC
class of trees | topology
1 PORI | 162144625 | 57744
L Clezi LD iR 2 _ 1620868.80 0
1 CTEN 584617.40 | 188.6
Q GTR20+F+R6 2 _ 584530.74 | 101.93
5 _ 584428.81 0
Nosenk 1 CTEN 575544.40 | 68.19
%%93% O | Mixture UL3+R7 2 — 575506.59 30.39
o 5 _ 575476.21 0
Pl 1 CTEN 508995.61 0
PMSF | Poisson+SSF+F+R4 2 _ 508999.62 4.02
5 _ 500039.15 | 43.55
1 CTEN 565224.87 | 537.76
PM C60+LG+F+R7 > = e f
1 CTEN | 1034699.36 | 58342
Q GTR20+F+R7 2 _ 1034665.78 | 549.84
5 Z 1034115.93 0
1 CTEN | 102259741 | 96.71
Nosenko Mixture UL3+R7 2 — 1022577.47 76.77
2013 5 Z 1022500.70 0
ribosomal 1 CTEN 917539.04 32.3
PMSF Poisson+SSF+F+R4 2 — 917545.56 38.83
5 Z 917506.74 0
1 CTEN | 1005383.01 | 567.34
A% SO 2 _ 1004815.68 0
1 CTEN | 4613310.04 | 111457
Q GTR20+F+R6 2 _ 4612664.86 | 469.4
5 _ 4612195.47 0
1 CTEN | 4578211.43 | 563.14
Mixture LG4M+R6 2 — 4577984.89 | 336.6
Ryan 2013 5 — 4577648.29 0
1 CTEN | 3997079.43 | 42.81
PMSF | Poisson+SSF+F+R4 2 _ 3997042.92 | 6.31
5 _ 3997036.62 0
1 CTEN | 4527897.15 | 7685
A SO R 2 - 4527128.65 0
1 CTEN | 1004366.95 | 32.96
Q GTR20+F+R5 2 _ 1004333.99 0
5 _ 1004377.30 | 43.31
1 CTEN 997482.91 1.9
Mixture LG4AM+R5 2 — 997481.01 0
Moroz 2014 5 — 99751330 | 32.29
1 PORI 855875.99 0
PMSF | Poisson+SSF+F+R4 2 _ 855895.85 | 19.86
5 _ 85596253 | 86.54
1 PORI 990832.96 | 596.02
L CHURLERTRS 2 _ 990236.94 0
1 CTEN | 2836519.090 | 42917
Q GTR20+F+R6 2 _ 2836374.23 | 284.3
5 Z 2836089.92 0
Borowiec | 1 CTEN | 2815868.70 | 24948
AR Mixture LGAM+R6 2 — 2815802.79 | 183.57
5 Z 2815619.22 0
1 CTEN | 2521422.70 0
PMSF | Poisson+SSF+F+R4 2 _ 252144777 | 25.07
5 Z 252146621 | 4351
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Dataset | Model Best model Number | Tree BIC A BIC
class of trees | topology
1 CTEN | 2786191.13 | 61554
L cepiLE iRy 2 _ 2785575.59 0
1 CTEN | 4600731.49 | 166543
Q GTR20+F+R8 2 _ 460019044 | 112438
5 _ 4599066.06 0
1 CTEN | 4545324.86 | 1079.9
Mixture UL3+R9 2 _ 4544998.78 | 753.82
Chang 2015 5 _ 4544244.96 0
1 CTEN | 4177836.72 | 12552
PMSF LG+SSF+F+R4 2 _ 417781372 | 102.53
5 - 4177711.20 0
1 CTEN | 445314227 | 682.23
L CerLerR 2 — 4452460.04 0
1 CTEN | 5783687.66 | 958.22
Q GTR20+F+R9 2 _ 5783429.43 | 699.99
5 Z 5782729.44 0
1 CTEN | 5735143.02 | 588.84
Whelan | Mixture LG4AM+R8 2 _ 5734986.74 | 432.56
v 5 Z 5734554.18 0
1 CTEN | 529423812 | 16.85
PMSF | Poisson+SSF+F+R4 2 _ 520423882 | 17.55
5 Z 5294221.27 0
1 CTEN | 567855248 | 651.09
A% SO 2 _ 5677901.19 0
1 CTEN | 3536075.89 | 131.273
Q GTR20+F+R7 2 _ 3535944.62 0
1 CTEN | 3513036.91 | 283.96
Mixture LGAM+R8 2 — 3512956.04 | 203.09
Whelan 5 - 3512752.95 0
2017 1 CTEN | 3189240.35 0
PMSF | Poisson+SSF+F+R4 2 _ 3189251.66 | 11.31
5 _ 3189293.35 53
1 CTEN | 3482116.85 | 654.3
A SO R 2 - 3481462.55 0
1 CTEN | 6003757.92 | 1550.13
Q GTR20+F+R7 2 _ 6002739.69 | 531.9
5 _ 6002207.78 0
1 CTEN | 5970627.93 | 1065.69
Loumer | Mixture LGAM+R7 2 — 5069880.22 | 317.97
2018 5 Z 5969562.24 0
1 CTEN | 5470394.61 0
PMSF | Poisson+SSF+F+R4 2 _ 5470418.86 | 24.26
5 _ 5470499.56 | 104.95
1 CTEN | 5931973.09 | 212.16
Y SRR 2 — 5931760.93 0
1 CTEN | 4241166.02 | 202.28
Q GTR20+F+R7 2 _ 4240963.74 0
1 CTEN | 420981258 | 856.93
Mixture LGAM+R6 2 — 4209699.34 | 743.69
Laumer 5 - 4208955.65 0
2019 1 CTEN | 3789600.80 0
PMSF | Poisson+SSF+F+R4 2 _ 3789617.07 | 16.27
5 _ 3789684.80 84
1 CTEN | 416745335 | 666.1
L L LEs Ry 2 — 4166787.25 0
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In general, multi-tree models had better fit than single-tree models across datasets and model
classes (Table 5). In three model classes (Q, Mixture, PM) multi-tree models with the most
trees were overwhelmingly preferred. For both the Q and PM model classes, the analysis with
the lowest BIC was almost always a multi-tree model. For the Q model class, 13/14 times the
best BIC came from the 2-tree (n=1), or 5-tree (n=12) MAST model. For the PM model class,
all datasets with a completed 2-tree MAST model (n=13) had lowest BIC. The Mixture and
PMSF classes had both single- and multi-tree models with the lowest BIC. For the Mixture
model class, most datasets (n=12) had the lowest BIC for the 5-tree MAST model. However,
the Dunn 2008 dataset had lowest BIC for the Ctenophora-sister hypothesis tree and the
Moroz 2014 dataset had lowest BIC for the 2-tree MAST model. Finally, the PMSF model class
had the highest proportion of single-tree models with lowest BIC (n=7), with 6 observations of
the Ctenophora-sister and 1 observation of the Porifera-sister hypothesis trees. The remaining
datasets within the PMSF model class had lowest BIC for either the 2-tree (n=1) or 5-tree (n=6)
MAST models.
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3.4.2 Different combinations of models and datasets support different
evolutionary histories for metazoan clades
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Figure 18: Metazoan phylogeny topology and Porifera clade topology under different
substitution models

a. Maximum likelihood tree topology for trees estimated from each combination of 25
substitution models and 14 datasets. Each bar shows the tree topologies obtained for a single
dataset. Sister to all other metazoan clades indicates the first clade to diverge. The
“Ctenophora+Porifera” clade denotes a single monophyletic clade consisting of both the
Porifera and Ctenophora clades. The “Radiata” clade denotes a monophyletic clade consisting

of Porifera, Ctenophora, Cnidaria and Placozoa (although Placozoa was not included in all
datasets).

b. Topology of the Porifera (sponge) clade for trees estimated from each combination of 25
substitution models and 14 datasets. Each bar shows the Porifera topologies obtained for a
single dataset. Two datasets contained only 1 Porifera taxon, which meant the Porifera clade
topology could not be obtained.
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For the majority of datasets (10/14), the group inferred as sister to all other metazoans was
stable regardless of model choice (Figure 18a, Supplementary Figure 20, Supplementary
Tables 5-7). In only four datasets did the best single tree recovered depend on the model
choice: Pick 2010, Philippe 2011, Nosenko 2013 non-ribosomal and Moroz 2014. Both the
Pick 2010 and Nosenko 2013 non-ribosomal datasets inferred the Ctenophora-sister tree for
most models of sequence evolution. The Philippe 2011 and Moroz 2014 datasets were the
only two datasets that inferred a topology other than Ctenophora-sister most of the time. The
preferred topology (as a percentage of the total number of trees) for Philippe 2011 was the
monophyletic clade of Ctenophora and Porifera as the SOM, and Porifera-sister for Moroz
2014. For the latter two datasets, the preferred topology was influenced by model choice. For
the Philippe 2011 dataset, the most common SOM observed under amino-acid exchange rate
matrices and protein mixture models was a monophyletic clade consisting of Ctenophora and
Porifera. However, under PM and PMSF models, the preferred topologies were Porifera-sister
or Radiata. For the Moroz 2014 dataset, the preferred SOM was Ctenophora for amino-acid
exchange rate matrices and Porifera for protein mixture models, PM models, and PMSF

models.

Excluding the two datasets with only a single Parifera taxon (Dunn 2008 and Borowiec 2015),
the majority of datasets (8/14) inferred a monophyletic clade for Porifera under each model of
substitution (Figure 18b, Supplementary Figure 21, Supplementary Tables 5-7). Four datasets
recovered paraphyletic Porifera (Philippe 2009, Pick 2010, Nosenko 2013 ribosomal, and
Moroz 2014), and in each case paraphyletic Porifera was recovered more often than
monophyletic Porifera. The Nosenko 2013 ribosomal dataset preferred paraphyletic Porifera
for 25/26 models and inferred monophyletic Porifera only under the LG4M model (a protein
mixture model). For the Philippe 2009 and Pick 2010 datasets, paraphyletic Porifera was
inferred only under amino-acid exchange rate matrices and protein mixture models, with
monophyletic Porifera inferred under PM and PMSF models. There was no clear trend in

Porifera clade topology for the Moroz 2014 dataset.

Each of the 364 trees had a high ultrafast bootstrap support value of 100 at the key node in
the phylogenetic tree, i.e., the node separating the first metazoan clade to diverge and all other

metazoan taxa.
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3.4.3 MAST weights show support for multiple trees within a mixture

MAST tree weights
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Figure 19: 2-tree MAST model tree weights for the Ctenophora-sister and Porifera-sister
hypotheses, for 14 phylogenetic datasets and 4 classes of substitution model.

| applied the MAST model to each dataset with either 2 or 5 hypothesis trees (Figure 19,
Supplementary Figure 22, Supplementary Tables 8 and 9). | applied the 2-tree MAST model
to all combinations of dataset and model class. When the MAST model was applied with just
two trees (Ctenophora-sister and Porifera-sister) | found the weight for each tree is between
0.270 and 0.732 (Figure 19). The average weight for the Ctenophora-sister tree was 0.604 and
the average weight for the Porifera-sister tree was 0.396 (Supplementary Table 8). In 12/14
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datasets, the tree weight for Ctenophora-sister was higher than the tree weight for Porifera-
sister. In two datasets, | found the tree with the highest support was dependent on model of
substitution. For Pick 2010, the PMSF model had higher weight for Ctenophora-sister (0.5924),
but the Mixture and Q model classes had higher weight for Porifera-sister (0.5951 and 0.5771
respectively). The 2-tree MAST model was computationally intractable for the Pick 2010
dataset. For the Philippe 2011 dataset, the Mixture model class had higher weight for Porifera-
sister (0.5933), and all other model classes had higher weight for Ctenophora-sister (Q:
0.5128; PMSF: 0.5525; PM: 0.5287).

The 5-tree MAST model was run for all datasets with the PMSF, Mixture, and Q model classes.
Across trees, weights for the 5-tree MAST model ranged from 0.014 to 0.6211 with an average
of 0.212 (Supplementary Table 9). The tree with the biggest range in tree weights was
Ctenophora-tree, with a range of values from 0.014 — 0.6211. The average weight for the five
hypotheses  were  0.24  (Ctenophora-sister), 0.176  (Porifera-sister), 0.221
(Ctenophorat+Porifera-sister), 0.244 (Ctenophora-sister, paraphyletic Porifera) and 0.182
(Porifera-sister, paraphyletic Porifera). There was more variation in the weight of the
Ctenophora-sister tree (Supplementary Figure 22), with a range in Ctenophora-sister tree
weights of 0.0568 — 0.6211. Variation in tree weights was not consistently linked to the model

of substitution.
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3.4.4 Most trees are rejected by the AU test

AU Test
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Figure 20: Examining support for the Ctenophora-sister and Porifera-sister hypothesis under a
single-tree model, for 14 empirical datasets and 4 model classes.

Each point represents a p-values from the AU test. The grey dashed line indicates the
statistical significance threshold of p<0.05. Any point under that line is rejected by the AU test.

| applied the AU test to the trees in the 2-tree and 5-tree models (Figure 20, Supplementary
Figure 23, Supplementary Tables 10 and 11). When comparing results from the two tree AU
test results trees (Figure 20, Supplementary Table 10) there were two cases: either the
Porifera-sister tree was rejected (41/56 analyses), or neither tree was rejected (15/56

analyses). For three datasets (Pick 2010, Philippe 2011, Moroz 2014), neither the Ctenophora-
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sister nor the Porifera-sister tree was rejected by the AU test. For the remaining 11 datasets,
| observed the Porifera-sister tree rejected by the AU test for all 4 model classes in 8 datasets,

and for 3 model classes in 3 datasets.

The AU test results were similar when comparing the full set of 5 evolutionary hypotheses
(Supplementary Figure 23, Supplementary Table 11). The Ctenophora-sister tree was not
rejected by any combination of dataset and model class. Only 5 combinations of dataset and
model class did not have any trees rejected by the AU test: Pick 2010 Q model class; Philippe
2011 Mixture model class; and Moroz 2014 PM, PMSF, and Mixture model classes. These
three datasets had the lowest proportion of trees rejected by the AU test: 3/20 for Pick 2010,
6/20 for Philippe 2011, and 2/20 for Moroz 2014. In all other combinations of model class and

dataset, 1 or more trees were rejected by the AU test.
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3.5 Discussion

In this chapter, | compared the fit of 1-tree, 2-tree, and 5-tree models on a wide range of
previously published datasets, and using the full complement of available substitution models.
| found that multi-tree models were preferred over single-tree models in 47/56 analyses (Table
5). In addition, when both 2- and 5-tree MAST models were applied, 5-tree models were
preferred in the majority (29/41) of cases.

Almost all phylogenetic analyses aim to infer a single species tree that represents the majority
of the evolutionary history of the sequences (Baum 2007). However, my results suggest that
a single phylogenetic tree is an inadequate fit for metazoan datasets, regardless of the model
of substitution. Due to the levels of conflicting signal in metazoan datasets, increasing the size
of multiple sequence alignments by adding more genes or taxa will not resolve the metazoan
phylogeny. This has previously been noted by Philippe et al. (2011b), who analysed existing
metazoan phylogenetic datasets and showed that many genes were saturated or contained
little phylogenetic signal. While | also identify substantial heterogeneous signal, my analysis
suggests that the difficulty in tree inference is not due just to saturated sequences but reflects
genuine phylogenetic signal. If a mixture of trees best explains the evolutionary history of the
Metazoa, that would explain results from previous studies that found different model
parameters or data filtering resulted in a completely different, highly supported topology
(Francis and Canfield 2020; Pandey and Braun 2020; Li et al. 2021; Redmond and McLysaght
2021a; McCarthy et al. 2023). | show that different models of evolution result in different tree
weights within the mixture model (Figure 19, Supplementary Figure 22). Inferring single
maximum likelihood trees with different models of evolution will result in slightly higher support

for one hypothesis, explaining some of the variation in empirical metazoan phylogenies.

Our findings impact the theoretical approach to downstream inferences, such as those
investigating the development of complex traits. Given that a single tree does not explain the
evolutionary history of Metazoa, these studies must account for heterogeneous evolutionary
signal. Rather than using a large genomic dataset, these analyses could carefully select data
based on the research question, for example by looking at genes known to be related to the
nervous system. Similar approaches have previously been applied to empirical phylogenetic
studies. Chen et al. (2015) found that a multiple sequence alignment for jawed vertebrates had
substantial conflicting signal, which they managed by selected question-specific genes to
resolve individual nodes of the phylogeny. My results could be combined with the approach of
Chen et al. (2015) to estimate a mixture of different hypotheses selected for specific

evolutionary questions using carefully selected genes.
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The impact of model choice and model complexity on metazoan tree topology has been
previously investigated (Whelan and Halanych 2017; Kapli and Telford 2020; Li et al. 2021;
Redmond and McLysaght 2021a; Szanthé et al. 2023). In my chapter, | found that the majority
of maximum likelihood trees inferred the Ctenophora-sister topology for 12/14 datasets. Only
two datasets had different topologies consistently under different classes of models: Philippe
2011 and Moroz 2014. In both these datasets, the proportion of trees inferring the Ctenophora-
sister topology decreased as model complexity increased. The results of these two datasets
align with Redmond and McLysaght (2021a), who applied different models of evolution with
increasing complexity to three metazoan datasets and found that branch support for
Ctenophora-sister reduced as more complex (i.e., site heterogeneous) models of substitution
were applied. | found that model choice does impact the inferred metazoan tree, but this

appears to be due to heterogeneous evolutionary processes rather than model choice alone.

Results from the PMSF model class differed from other model classes, with half (7/14) of
datasets preferring a single-tree model when the PMSF model was used to estimate trees and
mixtures. The PMSF model explicitly accounts for heterogeneity in substitution rate, and was
developed as a faster and less computationally-intensive alternative to profile mixture models
(Wang et al. 2018). The PMSF model calculates amino acid profiles using a input model and
a guide tree estimated from a simple model of evolution (e.g., LG) (Wang et al. 2018). My
results suggest that the process of estimating the PMSF model biases the estimated amino
acid profiles, resulting in a preference for the single-tree model. Similar biases have been
identified in other phylogenetic models. Frandsen et al. (2015) found that some partitioning
scheme algorithms included a bias towards the starting tree that was used to infer the
partitioning scheme. When maximum likelihood trees were estimated with partitions using
these algorithms, the trees inferred were more similar to the starting tree than expected by
chance (Frandsen et al. 2015). A similar bias could be occurring during PMSF model
estimation, which also relies on a starting tree. Further investigation into the impact and extent

of this bias is required.

The MAST model allows me to make valid comparisons of the weights in different joint models,
something which is not possible in single-tree models. Under a 5-tree model, 3/5 trees have
monophyletic Porifera and 2/5 have paraphyletic Porifera (Figure 17). By summing the weights
of the two categories of trees, | can explore support for the monophyly of the Porifera. | found
that all 5-tree mixture models for datasets with more than 1 Porifera taxa had support for both
monophyletic and paraphyletic Porifera, and that the combined weights of trees with
monophyletic Porifera ranged from 0.372 (Laumer 2019 dataset, Mixture model) to 0.817

(Laumer 2019 dataset, PMSF model). My results suggest that the differences in Porifera
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topology inferred in different phylogenetic studies reflect heterogeneous evolutionary signal.
There is evidence for both paraphyletic (Sperling et al. 2007, 2009, 2010; Borchiellini et al.
2008; Erwin et al. 2011) and monophyletic Porifera (Erpenbeck and Woérheide 2007;
Dohrmann et al. 2008; Philippe et al. 2009; Pick et al. 2010; Gazave et al. 2012; Ryan et al.
2013; Simion et al. 2017a; Whelan et al. 2017a; Laumer et al. 2018a) within the literature,
although the majority of recent studies support monophyletic Porifera. Topology of the Porifera
is dependent on the data included in an alignment, and sites with higher saturation support
Ctenophora-sister whereas genes associated with translation support Porifera-sister (Nosenko
et al. 2013a). My results suggest the Porifera clade has a conflicting evolutionary history best
modelled by a mixture of trees. As a single tree is unable to represent this conflicting signal,
different choices during tree inference such as choice of genes and substitution model could
result in higher likelihood for either monophyletic or paraphyletic Porifera, resulting in the

conflicting Porifera topologies inferred in previous studies.

My analysis found that all 364 maximum likelihood trees (estimated from 14 datasets with 26
models) had 100% ultra-fast bootstrap (UFB) support at the branch separating the first clade
to diverge from all other animals. However, in 10/14 datasets, | found that the model of
substitution impacted the tree topology, indicating that in these datasets branch support did
not correlate with obtaining the true tree topology. My results concur with the simulation study
of Kapli and Telford (2020), who simulated alignments with a site-heterogeneous model of
evolution under both the Ctenophora-sister tree and the Porifera-sister tree, before estimating
trees with both a site-homogeneous model and site-heterogeneous model. They found that
when estimating trees with a site-homogeneous model from alignments simulated along the
Porifera-sister, the Ctenophora-sister tree with high bootstrap support values was inferred 98%
of the time. Given that metazoan species diverged on a deep evolutionary time scale and that
the group underwent a rapid radiation, there are few orthologs present across the breadth of
the metazoan taxa (Pett et al. 2019). This not only limits phylogenetic resolution but increases
the difficulty of obtaining independent and identically distributed sites. Short recalcitrant
branches have previously been shown to have high bootstrap support for conflicting topologies
in empirical phylogenetic datasets (Chan et al. 2020; Roycroft et al. 2020). This occurs as
bootstrap support is a measure of robustness of the data to perturbation, rather than a measure
of the true evolutionary history (Holmes 2003; Simon 2022; Thomson and Brown 2022).
Combined, the high bootstrap support for conflicting tree topologies within the metazoan tree
reinforces that high bootstrap support is not an indication of whether the true evolutionary

relationship has been recovered.
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My analyses suggest that a larger proportion of the sites in each of the 14 datasets | examined
tended to be assigned to the Ctenophora-sister topology than the Porifera-sister topology. For
example, the 2-tree MAST models had higher average tree weights on for the Ctenophora-
sister tree than for the Porifera-sister tree (0.604 and 0.396 respectively) For the 5-tree MAST
model, there was less variation in tree weight for the 5 hypothesis trees (Figure 19,
Supplementary Figure 22) with an average tree weight across dataset, model class and tree
topology of 0.212. However, when applying the AU test for the trees in the 2-tree and 5-tree
MAST model (Figure 20, Supplementary Figure 23), | found that the majority of Ctenophora-
sister trees were not rejected by the AU test, and the majority of trees with other hypothesis
topologies were. Finally, | found that under a single-tree maximum likelihood model (Figure
18), the most common tree topology estimated was Ctenophora-sister (317/364 trees or 87%).
Taken together, my results suggest that most datasets contain substantial signal for both the
Ctenophora-sister and Porifera-sister topologies, and that while both are required to
adequately explain most datasets under most models of evolution, a larger fraction of most

datasets is consistent with the Ctenophora-sister than the Porifera-sister hypothesis.

In this chapter, | applied the AU test to the trees in the 2-tree and 5-tree models. The AU test
is often applied to assess the adequacy of phylogenetic trees (James et al. 2006; Shulaev et
al. 2011; Espeland et al. 2018; Hughes et al. 2018; Zhang et al. 2018c; Coleman et al. 2021).
The AU test assumes that a single tree is the best fit for an alignment and that the single tree
is the maximum likelihood tree for that alignment (Shimodaira 2002; Schmidt 2009). | found
that the Ctenophora-sister tree with monophyletic Porifera was rarely rejected, but the other
four tree topologies were often rejected. As the AU test assumes the evolutionary history of a
given alignment is treelike, the AU test cannot determine whether any single tree is sufficient
to describe the evolutionary history of an alignment. | applied a statistical approach that
simultaneously assessed tree adequacy (by comparing the BIC of multiple single-tree models)
and the validity of the treelikeness assumption (by comparing the BIC of single-tree and multi-
tree models). My results show even if a tree represents a portion of phylogenetic signal
detected by the MAST model, it can still be rejected by the AU test. | recommend results of the
AU test are carefully interpreted within the context that the test was designed, and that
alternative methods of assessing phylogenetic signal are applied to datasets with substantial

heterogeneous phylogenetic signal.

The results of this chapter do not necessarily suggest that the Metazoa have undergone non-
treelike evolution. Instead, my results suggest that studies inferring a single phylogeny for the
Metazoa are excluding substantial proportions of phylogenetic signal and present an approach

that explicitly allows for the incorporation of this conflicting signal. These results are aligned
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with previous work showing substantial heterogeneous phylogenetic signal within sequence
alignments. Previous studies of the metazoan phylogeny have identified different evolutionary
histories within different regions of the genome. Protein structural environment has been
shown to impact metazoan tree topology, with residues on the surface of proteins supporting
the Ctenophora-sister hypothesis and buried residues supporting the Porifera-sister
hypothesis (Pandey and Braun 2020). The support for different hypotheses of evolution also
varies between protein environments, with equal support for minority trees in buried sites or
sites in sheet and coil environments, but unequal support for minority trees in exposed sites
resulting in variation in support for different tree topologies under different models of
substitution (Pandey and Braun 2021). Additionally, sites with high saturation correlate with
the Ctenophora-sister hypothesis, whereas genes involved in translation support the Porifera-
sister hypothesis (Nosenko et al. 2013a). These results are consistent, as exposed sites evolve
faster than buried sites and are more likely to be saturated, whereas housekeeping genes are
conserved and evolve slowly (Nosenko et al. 2013a; Pandey and Braun 2021). The MAST
model provides a new process-agnostic approach to investigate different evolutionary histories
within a single alignment, which model the observed complex patterns of evolution seen in
empirical data sets. For example, MAST allows researchers to explicitly include different
evolutionary histories for different protein structural environments. MAST ties into the broader
movement within phylogenetics of assessing whether a single tree can adequately represent
complex evolutionary histories, and can be used in conjunction with other tools to explore

conflicting or heterogeneous phylogenetic signal.

Comparing the original studies for the datasets analysed in this chapter, there were four
approaches to maximum likelihood analysis. First, applying a single concatenated model (such
as GTR+G, LG+G+l, or RTRev+G+F) (Dunn et al. 2008; Hejnol et al. 2009; Nosenko et al.
2013a; Ryan et al. 2013; Moroz et al. 2014; Chang et al. 2015). Second, applying a partition
model (Borowiec et al. 2015; Whelan et al. 2015b, 2017a). Third, applying a C20 or C60 model
(Laumer et al. 2018a). Fourth, applying a PMSF approximation of a C60 model (Laumer et al.
2019a). The MAST results from my study allow comparison with the original papers for three
out of four of those approaches. One limitation of my chapter is the application only of
concatenated maximum likelihood models, in contrast to previous studies that applied partition
models (Redmond and McLysaght 2021a) or CAT models (Whelan and Halanych 2017; Li et
al. 2021). This limitation was necessary, as the MAST model does not support partitioned
analyses (Wong et al. 2024). However, when interpreting the MAST results in this chapter, the
inadequacy of a single concatenated alignment to represent metazoan loci must be

considered. By using MAST with a concatenated model, my aim was to expand previous
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concatenated analyses of these datasets by estimating a mixture of a set number of pre-
defined trees, instead of inferring a single tree from the alignment. The limitation of this
approach is the difficulty in untangling the adequacy of a single tree from the adequacy of a

single (perhaps incorrect) evolutionary model.

While my chapter does not include a partitioned analysis, it does include the site-
heterogeneous models that have previously been found to best fit metazoan multiple sequence
alignments. Redmond and McLysaght (2021a) tested 3 metazoan datasets with the same
classes of models that | included in my analysis: site-homogeneous models (e.g., Dayhoff,
WAG, LG), multi-matrix models (e.g., EHO, UL3), multi-profile models with Poisson matrix
(e.g., C20, C60) and multi-profile models with non-Poisson matrix (e.g., LG+C60). Site-
heterogeneous models consistently had the best fit, with most genes in all 3 datasets preferring
multi-profile models with non-Poisson matrices (Redmond and McLysaght, 2021a). Similarly,
Kapli and Telford (2020) compared the fit of site-homogeneous and site-heterogeneous
models for 3 metazoan datasets and found site-homogeneous models consistently had better
fit. My analyses include both mixture models and profile mixture models, and both these model
classes preferred multi-tree models over single-tree models. Given these results, a partitioned
model is unlikely to change the inferences drawn from my results. Previous studies have
investigated the impact of partitioning schemes with different classes of models for metazoan
datasets (Redmond and McLysaght 2021a), and these results found that site-heterogeneous
models with non-Poisson matrices (e.g., C60+LG) fit best for metazoan alignments. MAST
already includes a computationally intensive optimization process, and adding a partition
scheme will increase the number of simultaneous parameters to infer, particularly if different
trees in the mixture have different partition models. Future development of the MAST model
may enable combining partitioning schemes, site-heterogeneous substitution models, and the

mixture of trees approach.

This chapter aligns with the broader movement assessing systematic bias within the metazoan
tree, and within phylogenetics more generally. The animal phylogeny is particularly difficult to
resolve, due to the combination of distantly related taxa, rapid radiation causing short branches
between clades, variation in evolutionary rates, and long timescales (more than 500 million
years) (King and Rokas 2017). Previous studies have investigated a range of factors to
improve resolution in this tree, including improving orthology of genes (Pett et al. 2019;
McCarthy et al. 2023); models of sequence evolution (Whelan and Halanych 2017; Kapli and
Telford 2020; Li et al. 2021; Redmond and McLysaght 2021a); compositional heterogeneity
(Szantho et al. 2023); investigating the signal at different protein structural environments

(Pandey and Braun 2020, 2021); long-branch attraction (Kapli and Telford 2020); and support
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for each topology at a site-by-site basis (Shen et al. 2017). In the majority of these studies,
both Ctenophora-sister and Porifera-sister are estimated under different analysis parameters.
While slight changes in analysis choice have been shown to change the tree topology obtained
for this group, many previous phylogenetic studies into the Metazoa propose support for either
Ctenophora-sister or Porifera-sister. The complexity of resolving the relationships appears to
stem from underlying phylogenetic signal for both Ctenophora-sister and Porifera-sister. When
the metazoan evolutionary history is restricted to a single tree, the treelike model of evolution
will be unable to account for a substantial proportion of phylogenetic signal. With current
methods unable to decisively resolve this tree, | suggest that downstream inferences and

analyses should consider the implications of both evolutionary histories.

3.6 Data availability

The alignments used in this chapter are available from either the original publication of each
dataset, or from the repository of a later reanalysis (see Table 4). All scripts to replicate my

analyses are available at the GitHub repository https://github.com/caitlinch/metazoan-

mixtures. All materials necessary to replicate my analyses are available from the Figshare
repository https://doi.org/10.6084/m9.figshare.26087386, including alignments, ML trees,

constrained trees, MAST model output files, AU test output files, and input/output csv files.
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3.8 Supplementary Tables

Supplementary Table 4: Summary of results from previous analyses of 14 empirical phylogenetic
datasets.

Matrix column lists first author and year of publication for each matrix. Two matrices are included
from the Nosenko et al. (2013a), so | also note whether each Nosenko 2013 matrix is ribosomal or
non-ribosomal. Citations for each manuscript and repository are listed in Table 4.

Original manuscript conclusions were drawn from the main phylogeny estimated using that matrix.
Where possible, | selected the matrix used to estimate the main phylogenetic figure in each study.
See Methods for detailed descriptions of matrix selection.

Sister to all other metazoans lists the first monophyletic clade to diverge from all other animals.
Porifera topology notes whether the sponge clade was inferred as Monophyletic or Paraphyletic, or
whether only a single Porifera taxon was present. Ctenophora and Cnidaria monophyletic column
denotes whether the phylogeny inferred a single monophyletic clade including Ctenophora and
Cnidaria (True or False).

Original manuscript conclusions
. Previously published . . Ctenophora
Matrix datasets incorporated Sister to all other Porifera and Cnidaria
metazoans topology h
monophyletic
Dunn 2008 - Ctenophora Monophyletic False
(Baurain et al. 2007;
Philippe 2009 Lartillot and Philippe Porifera Monophyletic True
2008)
Pick 2010 (Dunn et al. 2008) Porifera Monophyletic False
. (Dunn et al. 2008; . .

Philippe 2011 Philippe et al. 2009) Porifera Monophyletic False
Nose_nko 2013 - Ctenophora Paraphyletic False
non-ribosomal

Nosenko 2013 - Placozoa+Porifera | Monophyletic True
ribosomal

(Hejnol et al. 2009; .

Ryan 2013 Srivastava et al. 2010) Ctenophora Monophyletic False
Moroz 2014 - Ctenophora Monophyletic False
Borowiec 2015 - Ctenophora One taxon False
Chang 2015 (Philippe et al. 2011a) Ctenophora Monophyletic False
Whelan 2015 - Ctenophora Monophyletic False
Whelan 2017 - Ctenophora Monophyletic False
Laumer 2018 - Ctenophora Monophyletic False
Laumer 2019 - Ctenophora Monophyletic False
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Supplementary Table 5: Summary of maximum likelihood tree topology and Porifera clade topology
for 364 maximum likelihood trees (from 14 empirical phylogenetic datasets with 26 models of
sequence evolution).

Topology columns denote which clade diverged first: CTEN (Ctenophora), PORI (Porifera),
CTEN+PORI (the monophyletic clade containing both Ctenophora and Porifera) or RADIATA (the
combined clades of Placozoa, Porifera, Ctenophora and Cnidaria). UFB value for this divergence was
100 for all trees (all datasets and all substitution models).

Porifera topology denotes the topology of the Porifera clade: either monophyletic (MONO) or
paraphyletic (PARA). Two datasets contained a single Porifera taxa, in which case the Porifera
topology was marked ONE.

Ctenophora and Cnidaria topology columns denotes the relationship between the Ctenophora and
Cnidaria clades. | classified these potential relationships into two classes: either these clades could
form a monophyletic clade (MONO), or they could have any other relationship (PARA).

Ctenophora and
Topology Porifera topology Cnidaria
Dataset topology
CTEN+
CTEN | PORI PORI RADIATA | MONO | PARA | ONE | MONO | PARA

Dunn 2008 26 0 0 0 0 0 26 0 26
Philippe 2009 26 0 0 0 12 14 0 0 26
Pick 2010 23 3 0 0 13 13 0 0 25
Philippe 2011 3 3 16 4 26 0 0 3 23
Nosenko 2013 | = 5 0 0 0 26 0 0 0 26
non-ribosomal

Nosenko 2013 | = 5 4 7 1 % | 0 2 24
ribosomal

Ryan 2013 26 0 0 0 26 0 0 0 26
Moroz 2014 11 15 0 0 11 15 0 0 26
Borowiec 2015 26 0 0 0 0 0 26 0 26
Chang 2015 26 0 0 0 26 0 0 0 26
Whelan 2015 26 0 0 0 26 0 0 0 26
Whelan 2017 26 0 0 0 26 0 0 0 26
Laumer 2018 26 0 0 0 26 0 0 0 26
Laumer 2019 26 0 0 0 26 0 0 0 26
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Supplementary Table 6: Output topology for each combination of model and sequence alignment.

Each branch defining the split between the first clade to diverge and all other metazoans clades has
100% ultrafast bootstrap (UFB) support. CTEN denotes output topology has Ctenophora as sister to
all other metazoans; PORI denotes Porifera-sister; CTEN+PORI denotes a clade of Ctenophora and
Porifera as the sister to all other metazoans (note: in this case, it is not necessary that Poriferais a
monophyletic clade); and RADIATA denotes the sister clade consisted of the Ctenophora, Cnidaria,
Porifera (and Placozoa, if present) clades.

Datasets
Initial Model D - . - Nosenko Nosenko

unn Philippe Pick Philippe Ryan

2008 | 2009 2010 2011 2013 non- | 2013 2013

ribosomal ribosomal

PMSF Poisson+C20 | CTEN CTEN CTEN PORI CTEN CTEN CTEN
PMSF Poisson+C60 | CTEN CTEN CTEN PORI CTEN CTEN CTEN
PMSF LG+C20 CTEN CTEN CTEN RADIATA CTEN CTEN CTEN
PMSF LG+C60 CTEN CTEN CTEN RADIATA CTEN CTEN CTEN
Poisson+C20 CTEN CTEN CTEN CTEN CTEN CTEN CTEN
Poisson+C60 CTEN CTEN CTEN PORI CTEN CTEN CTEN
LG+C20 CTEN CTEN CTEN RADIATA CTEN RADIATA CTEN
LG+C60 CTEN CTEN PORI RADIATA CTEN RADIATA CTEN
CF4 CTEN CTEN CTEN | CTEN+PORI CTEN CTEN+PORI CTEN
EHO CTEN CTEN CTEN | CTEN+PORI CTEN CTEN+PORI CTEN
EX_EHO CTEN CTEN CTEN | CTEN+PORI CTEN CTEN+PORI CTEN
EX2 CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
EX3 CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
GTR20 CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
JTT CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
JTTDCMut CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
LG CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
LG4M CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
mtZOA CTEN CTEN CTEN CTEN CTEN CTEN CTEN
PMB CTEN CTEN PORI CTEN+PORI CTEN CTEN CTEN
Poisson CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
rntREV CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
UL2 CTEN CTEN CTEN | CTEN+PORI CTEN CTEN+PORI CTEN
UL3 CTEN CTEN CTEN CTEN CTEN CTEN CTEN
WAG CTEN CTEN PORI CTEN+PORI CTEN CTEN CTEN
ModelFinder CTEN CTEN CTEN | CTEN+PORI CTEN CTEN CTEN
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Supplementary Table 6 (continued): Output topology for each combination of model and sequence
alignment.

Each branch defining the split between the first clade to diverge and all other metazoans clades has
100% ultrafast bootstrap (UFB) support. CTEN denotes output topology has Ctenophora as sister to
all other metazoans; PORI denotes Porifera-sister; CTEN+PORI denotes a clade of Ctenophora and
Porifera as the sister to all other metazoans (note: in this case, it is not necessary that Poriferais a
monophyletic clade); and RADIATA denotes the sister clade consisted of the Ctenophora, Cnidaria,
Porifera (and Placozoa, if present) clades.

Datasets
Initial Model Moroz Borowiec Chang Whelan Whelan Laumer Laumer

2014 2015 2015 2015 2017 2018 2019
PMSF Poisson+C20 PORI CTEN CTEN CTEN CTEN CTEN CTEN
PMSF Poisson+C60 PORI CTEN CTEN CTEN CTEN CTEN CTEN
PMSF LG+C20 CTEN CTEN CTEN CTEN CTEN CTEN CTEN
PMSF LG+C60 PORI CTEN CTEN CTEN CTEN CTEN CTEN
Poisson+C20 PORI CTEN CTEN CTEN CTEN CTEN CTEN
Poisson+C60 PORI CTEN CTEN CTEN CTEN CTEN CTEN
LG+C20 PORI CTEN CTEN CTEN CTEN CTEN CTEN
LG+C60 PORI CTEN CTEN CTEN CTEN CTEN CTEN
CF4 PORI CTEN CTEN CTEN CTEN CTEN CTEN
EHO PORI CTEN CTEN CTEN CTEN CTEN CTEN
EX_EHO PORI CTEN CTEN CTEN CTEN CTEN CTEN
EX2 PORI CTEN CTEN CTEN CTEN CTEN CTEN
EX3 PORI CTEN CTEN CTEN CTEN CTEN CTEN
GTR20 CTEN CTEN CTEN CTEN CTEN CTEN CTEN
JTT CTEN CTEN CTEN CTEN CTEN CTEN CTEN
JTTDCMut CTEN CTEN CTEN CTEN CTEN CTEN CTEN
LG PORI CTEN CTEN CTEN CTEN CTEN CTEN
LG4M PORI CTEN CTEN CTEN CTEN CTEN CTEN
mtZOA CTEN CTEN CTEN CTEN CTEN CTEN CTEN
PMB CTEN CTEN CTEN CTEN CTEN CTEN CTEN
Poisson CTEN CTEN CTEN CTEN CTEN CTEN CTEN
rtREV CTEN CTEN CTEN CTEN CTEN CTEN CTEN
UL2 PORI CTEN CTEN CTEN CTEN CTEN CTEN
UL3 CTEN CTEN CTEN CTEN CTEN CTEN CTEN
WAG CTEN CTEN CTEN CTEN CTEN CTEN CTEN
ModelFinder CTEN CTEN CTEN CTEN CTEN CTEN CTEN
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Supplementary Table 7: Porifera topology for each combination of model and sequence alignment.

MONO denotes that Porifera taxa form a monophyletic clade; PARA denotes that Porifera taxa form a
paraphyletic clade; and ONE indicates that the alignment contained only one Porifera taxa.

Datasets
Initial Model Dunn | Philippe | .. Philippe | Nosenko | Nosenko | p .,
2008 2009 Pick 2010 2011 2_013 non- _ 2013 2013
ribosomal | ribosomal
PMSF Poisson+C20 ONE MONO MONO MONO MONO PARA MONO
PMSF Poisson+C60 ONE MONO MONO MONO MONO PARA MONO
PMSF LG+C20 ONE MONO MONO MONO MONO PARA MONO
PMSF LG+C60 ONE MONO MONO MONO MONO PARA MONO
Poisson+C20 ONE MONO MONO MONO MONO PARA MONO
Poisson+C60 ONE MONO MONO MONO MONO PARA MONO
LG+C20 ONE MONO MONO MONO MONO PARA MONO
LG+C60 ONE MONO MONO MONO MONO PARA MONO
CF4 ONE PARA PARA MONO MONO PARA MONO
EHO ONE PARA PARA MONO MONO PARA MONO
EX_EHO ONE PARA PARA MONO MONO PARA MONO
EX2 ONE PARA PARA MONO MONO PARA MONO
EX3 ONE PARA MONO MONO MONO PARA MONO
GTR20 ONE PARA PARA MONO MONO PARA MONO
JTT ONE PARA PARA MONO MONO PARA MONO
JTTDCMut ONE PARA PARA MONO MONO PARA MONO
LG ONE PARA PARA MONO MONO PARA MONO
LG4AM ONE MONO MONO MONO MONO MONO MONO
mtZOA ONE MONO PARA MONO MONO PARA MONO
PMB ONE MONO PARA MONO MONO PARA MONO
Poisson ONE PARA MONO MONO MONO PARA MONO
rntREV ONE PARA PARA MONO MONO PARA MONO
UL2 ONE PARA MONO MONO MONO PARA MONO
UL3 ONE MONO MONO MONO MONO PARA MONO
WAG ONE PARA PARA MONO MONO PARA MONO
ModelFinder ONE PARA PARA MONO MONO PARA MONO
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Supplementary Table 7 (continued): Porifera topology for each combination of model and sequence
alignment.

MONO denotes that Porifera taxa form a monophyletic clade; PARA denotes that Porifera taxa form a
paraphyletic clade; and ONE indicates that the alignment contained only one Porifera taxa.

Datasets
Initial Model Moroz Borowiec | Chang | Whelan Whelan Laumer | Laumer
2014 2015 2015 2015 2017 2018 2019

PMSF Poisson+C20 MONO ONE MONO MONO MONO MONO MONO
PMSF Poisson+C60 MONO ONE MONO MONO MONO MONO MONO
PMSF LG+C20 MONO ONE MONO MONO MONO MONO MONO
PMSF LG+C60 PARA ONE MONO MONO MONO MONO MONO
Poisson+C20 PARA ONE MONO MONO MONO MONO MONO
Poisson+C60 PARA ONE MONO MONO MONO MONO MONO
LG+C20 PARA ONE MONO MONO MONO MONO MONO
LG+C60 PARA ONE MONO MONO MONO MONO MONO
CF4 PARA ONE MONO MONO MONO MONO MONO
EHO PARA ONE MONO MONO MONO MONO MONO
EX_EHO PARA ONE MONO MONO MONO MONO MONO
EX2 PARA ONE MONO MONO MONO MONO MONO
EX3 PARA ONE MONO MONO MONO MONO MONO
GTR20 MONO ONE MONO MONO MONO MONO MONO
JTT MONO ONE MONO MONO MONO MONO MONO
JTTDCMut PARA ONE MONO MONO MONO MONO MONO
LG PARA ONE MONO MONO MONO MONO MONO
LG4M PARA ONE MONO MONO MONO MONO MONO
mtZOA PARA ONE MONO MONO MONO MONO MONO
PMB MONO ONE MONO MONO MONO MONO MONO
Poisson MONO ONE MONO MONO MONO MONO MONO
rtREV MONO ONE MONO MONO MONO MONO MONO
uUL2 PARA ONE MONO MONO MONO MONO MONO
UL3 MONO ONE MONO MONO MONO MONO MONO
WAG MONO ONE MONO MONO MONO MONO MONO
ModelFinder MONO ONE MONO MONO MONO MONO MONO
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Supplementary Table 8: Tree weights for each dataset and model class under 2-tree MAST
model. Best model determined as the model in each category with the lowest BIC score. The
tree weights are the proportion of each tree in the tree mixture. For the overall topology of the
five hypothesis trees, see Figure 1. Datasets including only one sponge taxon have NA for Tree
4 and Tree 5, as inclusion of the paraphyletic sponge hypotheses required multiple sponge
taxa. The MAST model was not run for PM class models due to computational constraints.

Tree weight
Dataset “(’:II(; iesl Best model Tree 1 Tree 2 I":;?geﬁtt
CTEN PORI
PM LG+C60+F+R7 0.6001 0.3999 CTEN
Dunn 2008 PMSF Poisson+C60+F+R4 0.5965 0.4035 CTEN
Mixture UL3+R7 0.5999 0.4001 CTEN
Q GTR20+F+R7 0.59994 0.4006 CTEN
PM LG+C60+F+R7 0.6660 0.3340 CTEN
Philippe 2009 PMSF Poisson+C60+F+R4 0.6141 0.3859 CTEN
Mixture UL3+R7 0.5277 0.4723 CTEN
Q GTR20+F+R7 0.5305 0.4695 CTEN
PMSF Poisson+C60+F+R4 0.5924 0.4076 CTEN
Pick 2010 Mixture UL3+R8 0.4049 0.5951 PORI
Q GTR20+F+R8 0.4229 0.5771 PORI
PM LG+C60+F+R9 0.5287 0.4713 CTEN
Philippe 2011 PMSF Poisson+C60+F+R4 0.5525 0.4475 CTEN
Mixture UL3+R8 0.4067 0.5933 PORI
Q GTR20+F+R8 0.5128 0.4872 CTEN
PM LG+C60+F+R7 0.6688 0.3312 CTEN
Nosenko 2013 | PMSF Poisson+C60+F+R4 0.6625 0.3375 CTEN
non-ribosomal | Mixture UL3+R7 0.5856 0.4144 CTEN
Q GTR20+F+R6 0.6037 0.3963 CTEN
PM LG+C60+F+R6 0.6239 0.3761 CTEN
Nosenko 2013 | PMSF Poisson+C60+F+R4 0.6545 0.3455 CTEN
ribosomal Mixture UL3+R7 0.6376 0.3624 CTEN
Q GTR20+F+R7 0.6268 0.3732 CTEN
PM LG+C60+F+R7 0.5715 0.4285 CTEN
Ryan 2013 PMSF Poisson+C60+F+R4 0.5559 0.4441 CTEN
Mixture LG4M+R6 0.5769 0.4231 CTEN
Q GTR20+F+R6 0.5533 0.4467 CTEN
PM LG+C60+F+R5 0.5784 0.4216 CTEN
Moroz 2014 PMSF Poisson+C60+F+R4 0.5784 0.4216 CTEN
Mixture LG4AM+R5 0.5784 0.4216 CTEN
Q GTR20+F+R5 0.5785 0.4215 CTEN
PM LG+C60+F+R7 0.6403 0.3597 CTEN
Borowiec 2015 PMSF Poisson+C60+F+R4 0.5639 0.4361 CTEN
Mixture LG4M+R6 0.5637 0.4363 CTEN
Q GTR20+F+R6 0.5626 0.4374 CTEN
PM LG+C60+F+R9 0.7016 0.2984 CTEN
Chang 2015 PMSF LG+C60+F+R4 0.7016 0.2984 CTEN
Mixture UL3+R9 0.5369 0.4631 CTEN
Q GTR20+F+R8 0.5370 0.4630 CTEN
PM LG+C60+F+R8 0.7304 0.2696 CTEN
Whelan 2015 PMSF Poisson+C60+F+R4 0.6615 0.3385 CTEN
Mixture LG4M+R8 0.6654 0.3346 CTEN
Q GTR20+F+R9 0.6650 0.3350 CTEN
PM LG+C60+F+R7 0.6840 0.3160 CTEN
Whelan 2017 PMSF Poisson+C60+F+R4 0.6841 0.3159 CTEN
Mixture LG4M+R8 0.6846 0.3154 CTEN
Q GTR20+F+R7 0.6832 0.3168 CTEN
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Supplementary Table 8 (continued): Tree weights for each dataset and model class under 2-

tree MAST model. Best model determined as the model in each category with the lowest BIC

score. The tree weights are the proportion of each tree in the tree mixture. For the overall

topology of the five hypothesis trees, see Figure 1. Datasets including only one sponge taxon

have NA for Tree 4 and Tree 5, as inclusion of the paraphyletic sponge hypotheses required

multiple sponge taxa. The MAST model was not run for PM class models due to computational

constraints.

PM LG+C20+F+R8 0.7127 0.2873 CTEN
Laumer 2018 PMSF Poisson+C60+F+R4 0.7322 0.2678 CTEN
Mixture LG4M+R7 0.5514 0.4486 CTEN
Q GTR20+F+R7 0.5515 0.4485 CTEN
PM LG+C60+F+R7 0.6509 0.3491 CTEN
Laumer 2019 PMSF Poisson+C60+F+R4 0.6509 0.3491 CTEN
Mixture LG4M+R6 0.6509 0.3491 CTEN
Q GTR20+F+R7 0.6509 0.3491 CTEN
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Supplementary Table 9: Tree weights for each dataset and model class under 5-tree MAST

model.

Best model determined as the model in each category with the lowest BIC score. The tree
weights are the proportion of each tree in the tree mixture. For the overall topology of the five
hypothesis trees, see Figure 1. Datasets including only one sponge taxon have NA for Tree 4
and Tree 5, as inclusion of the paraphyletic sponge hypotheses required multiple sponge taxa.
The MAST model was not run for PM class models due to computational constraints. The tree
with the largest weight is noted for each MAST model.

Model Tree weight Topology
Dataset class Best model Tree 1 Tree 2 Tree 3 Tree4 | Tree 5 ‘:::: L:;?:;tt
PMSF | Poisson+C60+F+R4 | 0.3953 | 0.2675 | 0.3372 NA NA CTEN
Dunn 2008 Mixture | UL3+R7 0.3952 | 0.2634 | 0.3414 NA NA CTEN
Q GTR+F+R7 0.3952 | 0.2635 | 0.3413 NA NA CTEN
PMSF | Poisson+C60+F+R4 | 0.2011 | 0.1557 | 0.198 | 0.221 | 0.2241 PORI
Philippe 2009 | Mixture | UL3+R7 0.1874 | 0.1942 | 0.2001 | 0.2151 | 0.2032 CTEN
Q GTR20+F+R7 0.3064 | 0.1717 | 0.2031 | 0.1569 | 0.1620 CTEN
PMSF | Poisson+C60+F+R4 | 0.14 | 0.0665 | 0.39 0.063 | 0.3404 | CTEN+PORI
Pick 2010 Mixture | UL3+R8 0.072 | 0.5286 | 0.0865 | 0.109 | 0.204 PORI
Q GTR20+F+R8 0.1687 | 0.1747 | 0.2567 | 0.1961 | 0.2038 | CTEN+PORI
PMSF | Poisson+C60+F+R4 | 0.2043 | 0.1504 | 0.2912 | 0.1792 | 0.1749 | CTEN+PORI
Philippe 2011 | Mixture | UL3+R8 0.3032 | 0.129 | 0.1695 | 0.2008 | 0.1975 CTEN
Q GTR20+F+R8 0.2654 | 0.1260 | 0.0902 | 0.4164 | 0.1020 CTEN
PMSF | Poisson+C60+F+R4 | 0.2058 | 0.1501 | 0.1711 | 0.2514 | 0.2216 CTEN
r':';’:er?bko‘;gr%ﬁ Mixture | UL3+R7 0.2156 | 0.1499 | 0.2208 | 0.2171 | 0.1967 | CTEN+PORI
Q GTR20+F+R6 0.2068 | 0.2003 | 0.1718 | 0.2175 | 0.2036 CTEN
PMSF | Poisson+C60+F+R4 | 0.1731 | 0.1393 | 0.1775 | 0.2419 | 0.2682 CTEN
Egssg;c;zms Mixture | UL3+R7 0.1946 | 0.1387 | 0.2006 | 0.2549 | 0.2112 CTEN
Q GTR20+F+R7 0.1712 | 0.1393 | 0.3448 | 0.1849 | 0.1597 | CTEN+PORI
PMSF | Poisson+C60+F+R4 | 0.1873 | 0.1641 | 0.2313 | 0.2195 | 0.1978 | CTEN+PORI
Ryan 2013 Mixture | LGAM+R6 0191 | 0.1488 | 025 | 0.2216 | 0.1886 | CTEN+PORI
Q GTR20+F+R6 0.1579 | 0.2043 | 0.2220 | 0.2611 | 0.1548 CTEN
PMSF | Poisson+C60+F+R4 | 0.21 | 0.1581 | 0.2178 | 0.2253 | 0.1887 CTEN
Moroz 2014 Mixture | LGAM+R5 0.2101 | 0.158 | 02179 | 0.2253 | 0.1886 CTEN
Q GTR20+F+R5 0.2093 | 0.1571 | 0.2176 | 0.2266 | 0.1894 CTEN
PMSF | Poisson+C60+F+R4 | 0.6211 | 0.1466 | 0.2323 NA NA CTEN
Borowiec 2015 | Mixture | LGAM+R6 0.3932 | 0.3051 | 0.3017 NA NA CTEN
Q GTR20+F+R6 0.3906 | 0.3057 | 0.3037 NA NA CTEN
PMSF | LG+C60+F+R4 0.2088 | 0.1215 | 0.1994 | 0.2827 | 0.1875 CTEN
Chang 2015 | Mixture | UL3+R9 0.0568 | 0.204 | 0.2964 | 0.3305 | 0.1123 CTEN
Q GTR20+F+R8 0.0140 | 0.2228 | 0.2992 | 0.3614 | 0.1026 CTEN
PMSF | Poisson+C60+F+R4 | 0.1962 | 0.1321 | 0.1883 | 0.2717 | 0.2118 CTEN
Whelan 2015 | Mixture | LG4M+R8 0.1972 | 0.1322 | 0.1899 | 0.2694 | 0.2113 CTEN
Q GTR20+F+R9 0.1969 | 0.1326 | 0.1901 | 0.2694 | 0.2210 CTEN
PMSF | Poisson+C60+F+R4 | 0.2012 | 0.1324 | 0.176 | 0.272 | 0.2184 CTEN
Whelan 2017 | Mixture | LG4M+R8 0.201 0.13123 0.21 :6 0.27124 0.?1983 CTEN
Q GTR20+F+R7 1 E o gt co0o | E60 CTEN
PMSF | Poisson+C60+F+R4 | 0.5559 | 0.144 | 0.1048 | 0.1386 | 0.0567 CTEN
Laumer 2018 | Mixture | LGAM+R7 0212 | 0.1481 | 0.1752 | 0.2688 | 0.196 CTEN
Q GTR20+F+R7 0.2334 | 0.1373 | 0.1329 | 0.3235 | 0.1729 CTEN
PMSF | Poisson+C60+F+R4 | 0.4797 | 0.2072 | 0.1301 | 0.1495 | 0.0335 CTEN
Laumer 2019 | Mixture | LGAM+R6 0.1164 | 0.0799 | 0.1757 | 0.5366 | 0.0914 CTEN
Q GTR20+F+R7 0.1976 | 0.1237 | 0.2230 | 0.2984 | 0.1574 CTEN
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Supplementary Table 10: AU test results for the two hypothesis trees used in the 2-tree MAST
model.

For the overall topology of the two hypothesis trees, see Figure 1. The AU test columns denote
the p-value for each hypothesis tree generated from the dataset and the best model, with p <
0.05 indicating a certain tree is rejected. Significant p-values are shown in bold.

AU test p-value
Model Tree 1
Dataset class Best model Ctenophora- o _;I'ree 2
sister orifera-sister
PM LG+C60+F+R7 0.984 0.016
Dunn 2008 PMSF Poisson+C60+F+R4 0.997 0.0033
Mixture UL3+R7 0.999 0.0005
Q GTR20+F+R7 1 3.42E-04
PM LG+C60+F+R7 0.896 0.104
Philippe 2009 PMSF Poisson+C60+F+R4 0.977 0.023
Mixture UL3+R7 0.986 0.0138
Q GTR20+F+R7 0.984 0.0163
PM LG+C60+F+R9 0.524 0.476
Pick 2010 PMSF Poisson+C60+F+R4 0.781 0.219
Mixture UL3+R8 0.849 0.151
Q GTR20+F+R8 0.781 0.219
PM LG+C60+F+R9 0.501 0.499
Philippe 2011 PMSF Poisson+C60+F+R4 0.518 0.482
Mixture UL3+R8 0.509 0.491
Q GTR20+F+R8 0.585 0.415.
PM LG+C60+F+R7 0.998 0.0017
Nosenko 2013 PMSF Poisson+C60+F+R4 0.992 0.0078
non-ribosomal Mixture UL3+R7 0.998 0.0017
Q GTR20+F+R6 0.999 6.70E-04
PM LG+C60+F+R6 0.96 0.0401
Nosenko 2013 PMSF Poisson+C60+F+R4 0.995 0.0054
ribosomal Mixture UL3+R7 0.998 0.0019
Q GTR20+F+R7 1 4.44E-05
PM LG+C60+F+R7 0.969 0.0306
Ryan 2013 PMSF Poisson+C60+F+R4 1 1.18E-06
Mixture LG4M+R6 0.734 0.266
Q GTR20+F+R6 1 9.03E-06
PM LG+C60+F+R5 0.404 0.596
Moroz 2014 PMSF Poisson+C60+F+R4 0.556 0.444
Mixture LG4M+R5 0.16 0.84
Q GTR20+F+R5 0.738 0.262
PM LG+C60+F+R7 0.992 0.0082
Borowiec 2015 PMSF Poisson+C60+F+R4 0.999 0.0008
Mixture LG4M+R6 0.992 0.0079
Q GTR20+F+R6 1 4.32E-05
PM LG+C60+F+R9 1 1.15E-90
PMSF LG+C60+F+R4 1 2.84E-50
Chang 2015 Mixture UL3+R9 1 2.53E-55
Q GTR20+F+R8 0.998 0.0020
PM LG+C60+F+R8 1 6.69E-62
PMSF Poisson+C60+F+R4 1 7.18E-39
Whelan 2015 mypture LGAM+R8 1 2.30E-35
Q GTR20+F+R9 1 7.01E-61
PM LG+C60+F+R7 0.993 0.0067
PMSF Poisson+C60+F+R4 0.803 0.197
Whelan 2017 "\ixture LG4M+R8 1 0.0001
Q GTR20+F+R7 1 1.54E-05
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Supplementary Table 10 (continued): AU test results for the two hypothesis trees used in the 2-
tree MAST model.

For the overall topology of the two hypothesis trees, see Figure 1. The AU test columns denote
the p-value for each hypothesis tree generated from the dataset and the best model, with p <
0.05 indicating a certain tree is rejected. Significant p-values are shown in bold.

PM LG+C20+F+R8 1 1.11E-05
Laumer 2018 PMSF Poisson+C60+F+R4 1 5.35E-06
Mixture LG4M+R7 1 0.0003
Q GTR20+F+R7 1 2.47E-05
PM LG+C60+F+R7 0.999 0.0006
Laumer 2019 PMSF Poisson+C60+F+R4 0.997 0.0032
Mixture LG4M+R6 1 3.93E-05
Q GTR20+F+R7 1 1.67E-94
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Supplementary Table 11: AU test results for the five hypothesis trees used in the 5-tree MAST

model.

For the overall topology of the two hypothesis trees, see Figure 1. The AU test columns denote
the p-value for each hypothesis tree generated from the dataset and the best model, with p <
0.05 indicating a certain tree is rejected. Significant p-values are shown in bold. Datasets
including only one sponge taxon have NA for Tree 4 and Tree 5, as inclusion of the
paraphyletic sponge hypotheses required multiple sponge taxa.

AU test p-value

Model
Dataset class Best model Tr1e e Tree 2 Tree 3 Tree 4 Tree 5
PM LG+C60+F+R7 0.981 | 0.0320 | 0.0207 NA NA
Dunn 2008 | _PMSF__| Poisson+CB0+F+R4 | 0.996 | 0.0049 | 0.0049 NA NA
Mixture | UL3+R7 0.994 | 0.0003 | 0.0072 NA NA
Q GTR20+F+R7 0.994 | 5.79E-07 | 6.03E-03 NA NA
PM LG+C60+F+R7 0937 | 0.154 0.0045 | 0.0878 | 0.0130
Phiippe 2009 | PMSF__| Poisson+C60+F+R4 | 0.986 | 0.0386 | 0.0149 | 00218 | 0.0075
Mixture | UL3+R7 0.960 | 0.0145 | 0.0007 | 0.0986 | 0.0174
Q GTR20+F+R7 0.963 | 0.0183 | 0.0032 0.076 0.0011
PM LG+C60+F+R9 0.645 | 0.589 0.202 0.0113 | 0.0808
Bick 2010 PMSF__| Poisson+C60+F+R4 | 0.848 | 0.354 0.178 0.0401 | 0.0994
Mixture | UL3+R8 0925 | 0.189 0.0002 | 00834 | 0.0988
Q GTR20+F+R8 0.885 | 0.342 0.0605 0.148 0.0982
PM LG+C60+F+R9 0322 | 0319 0.752 0.0037 | 0.0077
Phiippe 2011 | PMSE__| Poisson+C60+F+R4 | 0582 | 0.567 0.351 0.0098 | 0.0295
Mixture | UL3+R8 0477 | 0.49 0.605 0.114 0.114
Q GTR20+F+R8 0482 | 0.402 0.626 0.0205 | 0.0126
Nosenko PM LG+C60+F+R7 0983 | 0.0050 | 0.0020 | 0.0276 | 0.0032
2013 PMSF__| Poisson+C60+F+R4 | 0.994 | 0.0112 | 0.0010 | 0.0137 | 0.0016
non- Mixture | UL3+R7 0.927 | 0.0015 | 0.0005 | 0.0891 | 0.0002
ribosomal Q GTR20+F+R6 0.947 | 3.73E-04 | 2.42E-08 | 0.0611 | 6.50E-07
Nosenko PM LG+C60+F+R6 0.980 | 0.0949 | 0.0433 | 0.0368 | 0.0217
013 PMSF__ | Poisson+C60+F+R4 | 0.998 | 0.0065 | 0.0003 | 0.0069 | 0.0058
o ocomal Mixture | UL3+R7 0.999 | 0.0025 | 0.0021 | 0.0014 | 0.0025
Q GTR20+F+R7 0.930 | 9.93E-04 | 0.1120 | 0.0321 | 4.64E-03
PM LG+C60+F+R7 0.986 | 0.0303 | 0.0007 | 0.0017 | 0.0049
Ryan2013 | PMSF__| Poisson+C0+F+R4 | 0.835 | 03590 | 008120 | 008930 | 0.0403
Mixture | LG4M+R6 0.997 | 7.54E-08 | 7.93E-07 | 0.0026 | 1.68E-06
Q GTR20+F+R6 0.935 | 2.52E-05 | 5.80E-147 | 0.0659 | 6.12E-04
PM LG+C60+F+R5 0538 | 0677 0.486 0.146 0.255
Moroz 2014 | _PMSF__| Poisson+C60+F+R4 | 0.152 | 0.725 0.468 0.0776 0.418
Mixture | LG4M+R5 0.695 | 0625 0.121 0.138 0.266
Q GTR20+F+R5 0.845 | 0.376 0.0295 | 0.0919 0.172
PM LG+C60+F+R7 0.930 | 0.0084 | 0.0941 NA NA
Borowiec PMSF__| Poisson+C60+F+R4 | 0.969 | 0.0074 | 0.0398 NA NA
2015 Mixture | LG4M+R6 0.995 | 0.0018 | 0.0056 NA NA
Q GTR20+F+R6 0.998 | 8.13E-03 | 0.0027 NA NA
PM LG+C60+F+R9 1| 2.47TE-08 | 5.84E-95 | 6.56E-07 | 1.88E-05
Chang 2015 | PMSE__| LG+C60+F+Rd 1 0.0003 | 5.49E-52 | 1.80E-43 | 4.16E-66
Mixture | UL3+R9 1| 2.82E-43 | 3.61E-08 | 0.0003 | 2.76E-42
Q GTR20+F+R8 0.999 | 3.06E-09 | 1.48E-12 | 6.59E-04 | 5.9E-38
PM LG+C60+F+R8 1| 3.60E-50 | 1.96E-55 | 3.26E-61 | 2.49E-110
PMSF__| Poisson+C60+F+R4 | 1 | 9.11E-08 | 8.02E-68 | 9.51E-07 | 0.0002
Whelan 2015 | Mixture | | sap4Rg 1| 9.46E-116 | 1.02E43 | 499E131 | 22
Q GTR20+F+R9 1| 2.66E-83 | 5.59E-62 | 2.20E-06 | 1.25E-71
PM LG+C60+F+R7 0.992 | 0.0084 | 1.75E-07 | 1.89E-99 | 0.0009
Whelan 2017 | -PMSF__| Poisson+C60+F+R4 | 0782 | 0.236 0.0052 | 0.0005 | 0.0006
Mixture | LG4M+R8 1| 3.72E-10 | 2.49E-06 | 1.97E-05 | 2.28E-05
Q GTR20+F+R7 1| 1.09E-04 | 2.11E-55 | 5.06E-09 | 1.94E-60

162




Chapter Three

Supplementary Table 11 (continued): AU test results for the five hypothesis trees used in the 5-
tree MAST model.

For the overall topology of the two hypothesis trees, see Figure 1. The AU test columns denote
the p-value for each hypothesis tree generated from the dataset and the best model, with p <
0.05 indicating a certain tree is rejected. Significant p-values are shown in bold. Datasets
including only one sponge taxon have NA for Tree 4 and Tree 5, as inclusion of the
paraphyletic sponge hypotheses required multiple sponge taxa.

PM LG+C20+F+R8 1 4.10E-43 | 2.63E-05 | 4.60E-82 | 4.44E-05
Laumer 2018 PMSF Poisson+C60+F+R4 1 0.0001 9.94E-56 | 4.11E-113 | 2.07E-49
Mixture | LG4M+R7 1 0.0001 4.52E-08 | 2.16E-08 | 2.25E-05
Q GTR20+F+R7 1 4.59E-07 | 3.11E-79 4.76E-04 | 2.52E-04
PM LG+C60+F+R7 1 0.0005 0.0005 6.24E-08 | 1.12E-92
Laumer 2019 PMSF Poisson+C60+F+R4 | 0.997 0.0046 0.0004 4.79E-06 0.0011
Mixture | LG4AM+R6 1 0.0004 1.20E-05 | 2.19E-05 | 1.13E-70
Q GTR20+F+R7 1 2.40E-06 | 1.90E-73 | 8.04E-06 | 1.44E-05

163



A Single Tree is Insufficient to Describe Evolutionary Relationships...

3.9 Supplementary Figures
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Supplementary Figure 20: Maximum likelihood tree topology for 350 trees estimated from
different combinations of model of evolution and dataset.

Each bar shows the tree topologies obtained for a single dataset. For each dataset | calculated
25 different trees, each with a different model of evolution. Sister to all other metazoan clades

indicates the first clade to diverge. The “Ctenophora+Porifera” clade denotes a single
monophyletic clade consisting of both the Porifera and Ctenophora clades. The “Radiata”

clade denotes a monophyletic clade consisting of Porifera, Ctenophora, Cnidaria and Placozoa

(although Placozoa was not included in all datasets). Models are grouped on the x-axis by

model class.
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Number of models

Porifera clade topology
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Supplementary Figure 21: Topology of the Porifera (sponge) clade for 350 trees estimated from
different combinations of model of evolution and dataset.

Each bar shows the Poriferatopologies obtained for a single dataset. For each dataset |

calculated 25 different trees, each with a different model of evolution. Two datasets contained
only 1 Porifera taxon, which meant the Porifera clade topology could not be obtained. Models
are grouped on the x-axis by model class.
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MAST tree weights
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Supplementary Figure 22: 5-tree MAST model tree weights for 14 phylogenetic datasets and 3
classes of model.

The five hypotheses are shown on the x-axis: “CTEN” denotes Ctenophora-sister with
monophyletic Porifera; “PORI” denotes Porifera-sister with monophyletic Porifera;
“CTEN+PORI” means that the sister to all other metazoans is a monophyletic clade consisting
of both Ctenophora and Porifera; “CTEN, para. PORI” denotes Ctenophora-sister with a
paraphyletic Porifera clade; and “PORI, para. PORI” denotes Porifera-sister with a paraphyletic
Porifera clade. Note that two datasets contained a single Porifera taxa (Dunn 2008 and
Borowiec 2015), therefore estimating trees with paraphyletic Porifera was not possible for
these datasets. For each combination of model class and dataset, the MAST tree weights sum
to 1.
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AU Test
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Supplementary Figure 23: AU test results for the 5 hypothesis trees from 14 phylogenetic
datasets and 4 classes of model.

Each point is the p-value from the AU test for that combination of dataset, model class, and
evolutionary hypothesis. The grey dashed line indicates the statistical significance threshold
of p<0.05. Any point under that line is rejected by the AU test. The five evolutionary hypotheses
are shown on the x-axis: “CTEN” denotes Ctenophora-sister with monophyletic Porifera;
“PORI” denotes Porifera-sister with monophyletic Porifera; “CTEN+PORI” means that the
sister to all other metazoans is a monophyletic clade consisting of both Ctenophora and
Porifera; “CTEN, para. PORI” denotes Ctenophora-sister with a paraphyletic Porifera clade;
and “PORI, para. PORI” denotes Porifera-sister with a paraphyletic Porifera clade. Note that
two datasets contained a single Porifera taxa (Dunn 2008 and Borowiec 2015), therefore
estimating trees with paraphyletic Porifera was not possible for these datasets.
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Chapter Four

4.1 Abstract

The metazoan phylogeny is particularly difficult to resolve due to rapid radiation at the base of
the animal tree and the deep evolutionary timescales involved. In particular, there is
controversy over which metazoan clade was first to diverge: the sponge clade Porifera, the
comb jellies clade Ctenophora, or a monophyletic clade consisting of both Porifera and
Ctenophora. Previous studies have suggested that systematic bias due to incomplete lineage
sorting and/or long branch attraction may contribute to the difficulty of resolving these
relationships. In this chapter | use concordance factors to infer evolutionary patterns by
investigating topological variance at key branches in the animal phylogeny. Using 12 empirical
matrices previously used to estimate the metazoan phylogeny, | estimate gene and quartet
concordance factors from maximum likelihood trees for three hypotheses of metazoan
evolution. | also apply a constrained topology analysis to assess signal within individual genes
in each matrix. As model choice has previously been shown to impact metazoan phylogenetic
inference, | performed these analyses under both a Partitioned model and a site-specific C60
model. In consensus with previous studies, | identified substantial conflicting signal within
empirical metazoan phylogenetic datasets. | found that both gene and quartet concordance
factors were smaller under a C60 model than a Partitioned model for the hypothesis where
Ctenophora diverges first, suggesting that inference of this topology is biased by model
misspecification. This chapter confirms heterogeneous signal is widespread within the

Metazoa, contributing to the difficult of resolving relationships between animal clades.

Keywords: Discordance, Gene tree heterogeneity, Animal tree of life, Model misspecification,

Systematic bias, Constrained tree analysis

4.2 Introduction

The relationships between major animal clades are an unresolved controversy in evolutionary
biology. The metazoan phylogeny consists of five main clades: Ctenophores, Porifera,
Placozoa, Cnidaria, and Bilateria. Understanding the relationship between metazoan clades
has implications for the origin and evolution of animal traits such as the muscles, a through-
gut, and the nervous system (Telford et al. 2015; Schultz et al. 2023). The debate centres on
which animal clade was first to diverge, making it the sister to all other metazoans (SOM).
Historically, morphological data has placed the sponges (Porifera) as the SOM (Haeckel 1872;
Reynolds 2019). Early phylogenetic studies supported this finding (Wainright et al. 1993;
Collins 1998). However, later phylogenetic studies found support for Ctenophores as the SOM

(Dunn et al. 2008; Ryan et al. 2013). Since then, there have been studies supporting Porifera
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as the SOM (Pisani et al. 2015; Simion et al. 2017a; Feuda et al. 2017a; Kapli and Telford
2020; Redmond and McLysaght 2021a) and Ctenophora as the SOM (Whelan et al. 2015b,
2017a; Laumer et al. 2018a, 2019a; Li et al. 2021; Schultz et al. 2023). Another proposed
topology proposes the SOM is a monophyletic clade consisting of the Ctenophora and Porifera
clades (Shen et al. 2017; Francis and Canfield 2020). Alternative topological hypotheses have
also been proposed (Martindale et al. 2002; Schierwater et al. 2009), but lack widespread
support. Due to the complexity in reconstructing the metazoan tree of life, there is no

consensus on the relationships between these clades.

Choice of substitution model, gene and site sampling, and outgroup selection can all impact
the estimated topology of the metazoan tree. For example, trees estimated with partitioned
site-homogeneous models tend to find Ctenophores as the SOM (Dunn et al. 2008; Hejnol et
al. 2009; Ryan et al. 2013; Chang et al. 2015; Whelan et al. 2015b; Borowiec et al. 2015;
Whelan et al. 2017a), whereas trees estimated with site-heterogeneous models tend to find
Porifera as the SOM (Pisani et al. 2015; Simion et al. 2017a; Feuda et al. 2017a; Redmond
and McLysaght 2021a). Other studies have shown that as model misspecification decreases
(i.e., by incorporating site-heterogeneous models), the support for Ctenophora as SOM
decreases (Simion et al. 2020; Redmond and McLysaght 2021a). Choice of outgroup also
biases tree estimation, with previous studies inferring Porifera as the SOM for Choanoflagellate
and holozoan outgroups (Philippe et al. 2009; Nosenko et al. 2013a; Li et al. 2021; McCarthy
et al. 2023), and Ctenophora as the SOM for outgroups that include the more-distantly related
Fungi clade (Ryan et al. 2013; Pisani et al. 2015; Whelan et al. 2015b).

Empirical metazoan phylogenetic datasets contain conflicting signals supporting both
Ctenophora and Porifera as the SOM (Shen et al. 2017). Consequently, which genes and
sites are included in an analysis can change the conclusions of phylogenetic inference. For
example, Francis and Canfield (2020) found that removing sites that strongly supported either
Ctenophora or Porifera as the SOM resulted in a highly supported tree with a monophyletic
clade including both Ctenophora and Porifera as the sister of all other animals. Another
contributing factor is the difficulty of detecting orthologs over such distantly related timescales
and such deep divergence times (King and Rokas 2017; Pett et al. 2019). Ortholog
misidentification results in datasets with excess internal incongruence, impacting tree
inference and downstream analysis. A re-analysis of 5 metazoan phylogenetic datasets found
that only 17% to 33% of orthogroups were retained when applying a strict check for
orthologous signal, and in 2/5 datasets the SOM changed from Ctenophora to Porifera after
filtering (McCarthy et al. 2023). Clearly, dataset construction has an impact on the level of

systematic bias within a phylogenetic dataset.
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Long branch attraction (LBA) rather than genuine phylogenetic signal has repeatedly been
suggested a bias which can lead analyses to erroneously recover the Ctenophora as SOM
(Philippe et al. 2009; Pick et al. 2010; Nosenko et al. 2013a; Pisani et al. 2015; Halanych et al.
2016; Kapli and Telford 2020; Szanth6 et al. 2023), although some authors suggest the
argument for LBA is exaggerated (Whelan et al. 2015b). LBA is a form of systematic error
introduced by certain phylogenetic methods (including parsimony, distance methods and
maximum likelihood) that arises when homoplasy is mistaken for true phylogenetic signal
(Susko and Roger 2021). Under LBA, similarity due to convergent evolution is interpreted as
shared ancestry, and fast-evolving taxa are incorrectly grouped together (Kapli et al. 2021).
Previous studies have shown high rates of molecular evolution in the Ctenophora clade (Kohn
et al. 2012; Arafat et al. 2018; Wang and Cheng 2019), which may cause LBA to ‘pull’ the
Ctenophora clade towards the root of the metazoan tree (Kapli and Telford 2020). Assessing
whether LBA results in Ctenophora as the SOM is difficult, as removing the potentially
problematic branch that leads to the Ctenophora clade without removing all Ctenophora taxa
is impossible (Kapli and Telford 2020). Previous studies have shown that support for
Ctenophora as the SOM increases as the outgroup becomes increasingly distantly related
(Nosenko et al. 2013a; Pisani et al. 2015), which is consistent with the expectations of
topological impact due to LBA at the branch leading to the Ctenophora clade. In addition,
Philippe et al. (2009) estimated a phylogenetic tree with Porifera as SOM using two different
outgroups, and found that bootstrap values for deep nodes in the metazoan tree were higher
for a closely-related outgroup (Choanoflagellates) than a more distantly-related outgroup
(which included Fungi and Ichthyosporea taxa).

Incomplete lineage sorting (ILS) has also been suggested as a contributor to the difficulty of
reconstructing the metazoan phylogeny. ILS is a source of phylogenetic conflict that occurs
during speciation, particularly when speciation events are closely spaced (such as in rapid
radiations) or when ancestral populations are large (Degnan and Rosenberg 2009). Under ILS
some alleles from the ancestral population are retained in descendant species after
consecutive speciation events, which causes gene trees to differ from the species tree
(Steenwyk et al. 2023). The short branches at the root of the metazoan tree suggests that
metazoans went through a rapid evolutionary radiation (King and Rokas 2017) leading to
stronger discordance among loci due to ILS. The base of the metazoan tree contains gene
tree—species tree discordance consistent with the effects of ILS (Ewing et al. 2008; Pandey
and Braun 2021). The substantial gene tree heterogeneity within metazoan datasets also
suggests the presence of ILS (Shen et al. 2017; Redmond and McLysaght 2021a; Li et al.
2021), with genes supporting both Ctenophora and Porifera as the SOM inferred.

171



Evaluating Hypotheses of Early Animal Evolution

The inferred metazoan tree is affected by multiple forms of systematic bias including model
misspecification, LBA, and ILS. Kapli and Telford (2020) analysed the impact of both LBA and
model misspecification by simulating metazoan datasets with site-heterogeneous models and
either Ctenophora or Porifera as SOM. These simulations found that trees inferred with the
incorrect site-homogeneous model had shorter internal branch lengths, and used this result to
investigate the impact of internal branch length on tree inference (Kapli and Telford 2020). For
data simulated with Porifera as SOM, Porifera was recovered as the SOM the majority of the
time under a site-heterogeneous model (88%), but not under a site-homogeneous model (7%)
(Kapli and Telford 2020). Conversely, when the data was simulated with Ctenophora as the
SOM, Ctenophora was always recovered as the SOM under both site-homogeneous and site-
heterogeneous models (Kapli and Telford 2020). These results demonstrate the difficulty of
disentangling the multiple causes of conflicting signal when attempting to resolve the metazoan
tree. The interaction of model misspecification and LBA was also investigated by Redmond
and McLysaght (2021a), who examined the adequacy of the performance of different
substitution models on three published metazoan datasets. They found that that site-
homogeneous mixture models with a non-Poisson model (e.g., LG+C60, WAG+CF4) had the
best fit and were best able to withstand LBA (Redmond and McLysaght 2021a). In addition,
they found that support for Ctenophora as SOM reduced as model complexity increased,
suggesting that this topology is inferred due to systematic error (Redmond and McLysaght
2021a).

Simulation studies have demonstrated the difficulty of resolving phylogenetic trees from data
that contains ILS. ILS decreases as the length of branches increases and/or the effective
population size decreases. When time between speciation events is short, there is insufficient
time for genetic drift to act and fix alleles within the population, and therefore ILS is high
(Maddison and Knowles 2006). Common approaches to vary the amount of ILS in simulations
are to vary the population size (Liu et al. 2015a), to extend the length of terminal branches
(Knowles et al. 2018), or to scale all branches in the tree proportional to a set of tree depths
(Maddison and Knowles 2006; McCormack et al. 2009; Huang et al. 2010; Tonini et al. 2015).
These methods focus on the impact of ILS across the tree. A study by Liu et al. (2015a) tested
the impact of ILS and LBA on tree inference, by generating trees with short internal branches
and differing levels of ILS before extending selected terminal branches (Liu et al. 2015a). They
found the combination of short internal branches, high ILS, and long terminal branches misled
concatenated tree estimation methods (Liu et al. 2015a). Similarly, another study simulating
both ILS and LBA found that trees with interspersed long and short branches were difficult to

resolve correctly (Kick et al. 2012). In the extreme case of a very short branch preceded and
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followed by a long branch, maximum likelihood (ML) methods were unable to recover the true
tree even for alignments >100K base pairs (bp) long (Kiick et al. 2012). The metazoan tree
topology fits this pattern of short internal branches interspersed with longer internal branches,
combined with long terminal branches. Determining the correct phylogeny for such deep
divergences is extremely difficult due to the conflicting signal present within the dataset
(Degnan and Rosenberg 2009). The purpose of this chapter is therefore to examine whether
metazoan tree inference is impacted by ILS, and to determine the extent to which ILS could

mislead relationships between major metazoan clades.

a b. C
— Bilateria r— Bilateria Bilateria
—— Cnidaria —— Cnidaria Cnidaria
Qutgroup Outgroup ~———————— Qutgroup

Figure 21: Three hypotheses for the evolutionary history of the metazoan tree of life.

a. Ctenophora is the sister of all other animals

b. Porifera is the sister of all other animals

c. A monophyletic clade consisting of both Ctenophora and Porifera is the sister of all other
animals

To investigate whether ILS and LBA contribute to the difficulty of resolving the animal tree of
life | reanalysed 12 published empirical matrices with both partitioned and C60 models, then
used concordance factors (CF) to examine the discordance around key branches of the
metazoan phylogeny. | focused on a key branch within the tree that may impact tree inference,
based on previous work that identifies ILS and LBA as causes of systematic bias. This key
branch defines the relationships between four clades: Outgroup; Ctenophora; Porifera; and
the monophyletic clade consisting of Bilateria and Cnidaria. The three arrangements of these
four clades around the key branch form my set of hypotheses of early animal evolution:
Ctenophora as SOM (Figure 21a); Porifera as SOM (Figure 21b); and a monophyletic clade
consisting of Ctenophora and Porifera as the SOM (Figure 21c). To assess topological
variation, | calculated both gene concordance factors (gCF) (Minh et al. 2020a) and quartet
concordance factors (qCF) (Mirarab et al. 2014) for each of these three topologies. As

biological discordance contains information about evolutionary processes (Lanfear and Hahn
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2024), in this chapter | use CFs to investigate patterns of discordance within the metazoan
phylogeny. To investigate model misspecification, | calculate CFs under both a Partitioned and
C60 model. | find substantial conflicting signal within all 12 empirical phylogenetic datasets.

My results identified substantial conflicting signal within the Metazoa, consistent with ILS.
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4.3 Methods

4.3.1 Overview

In this chapter, | aimed to identify whether ILS impact metazoan tree inference, by using
signals of biological discordance to infer evolutionary processes. To do this, | calculated both
gene and quartet concordance factors from 12 empirical multiple sequence alignments that
had previously been used to estimate the metazoan phylogeny. Gene and quartet CFs are
calculated using a species tree and a set of locus trees (Minh et al. 2020a; Lanfear and Hahn
2024). To examine the proportion of the dataset which agrees with each of three hypotheses
of early animal evolution (Figure 21), | calculated concordance factors using constrained
maximum likelihood trees (so that | could identify which concordance/discordance factor was
associated with which topology) and unconstrained gene trees. To assess the impact of
systematic bias due to model misspecification, | performed this analysis under both Partitioned

and C60 models of sequence evolution.

4.3.2 Dataset Selection

| curated 12 existing phylogenetic matrices that were previously used to estimate the metazoan
phylogeny (Table 6). To select these papers, | reviewed the literature to identify papers
investigating relationships between clades at the root of the metazoan tree. | selected all
papers that: included 1 or more taxa in the Bilateria, Cnidaria, Ctenophora, and Porifera clades;
had amino acid (AA) alignments; and had both the alignment and partition files deposited and
available in supplementary information or an external repository. This resulted in a list of 13
studies. Two of these studies contained large matrices which | removed from consideration
(Hejnol et al. 2009; Simion et al. 2017a, 2017b). These two matrices had 1487 partitions
(Hejnol et al. 2009) and 1719 partitions (Simion et al. 2017a), which were computationally
intractable for my chapter (which required estimating 6 ML trees under a C60 model for each

dataset).
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Table 6: Empirical phylogenetic alignments selected for analysis.

Manuscript refers to the original publication of each alignment. Repository is the source of the
alignment file, which may be supplementary material in the original manuscript, a data
repository for the original manuscript, or a data repository for a different manuscript. Matrix
name is the name of each alignment file at the source for that alignment file.

Manuscript Reposito Matrix name Number | Number | Number
P P ry oftaxa | of sites | of genes

Dunn et. al. Li et. al.
(2008) (2020b) Dunn2008 64 21152 150
Philippe et. al. Philippe et. al. o .
(2009) (2000) Philippe_etal_superalignment 55 30257 128
Philippe et. al. Philippe et. al.
(2011b) (2011b) UPDUNN_MB 77 18463 150
Nosenko ef. al. Nosenko et. al. . .
(2013a) (2013b) nonribosomal_9187_smatrix 71 9189 35
Nosenko et. al. Nosenko et. al. | . .
(2013a) (2013b) ribosomal_14615_smatrix 71 14614 87
Rvan et al Redmond and

Y o McLysaght REA_alignment_includingXenoturbella 61 88384 406
(2013)

(2021b)

Moroz et. al. Li et. al.
(2014) (2020b) ED3d 46 22772 114
Borowiec et. al. Borowiec et.
(2015) al. (2016) Best108 36 41808 108
Chang et. al. Feuda et. al.
(2015) (2017b) Chang_AA 77 51940 200
Whelan et. al. Whelan et. al.
(2015b) (2016) Dataset10 70 59733 89
Whelan et. al. Whelan et. al. .
(2017a) (2017b) Metazoa Choano RCFV_strict 76 49388 117
Laumer et. al. Laumer et. al.
(2018a) (2018b) Tplx_BUSCOeuk 59 94444 303

| selected one matrix from each other study, usually the matrix from which the authors drew
their primary conclusions. Where more than one matrix was available for a single study (e.g.,
due to different filtering or sampling schemes), | selected the alignment used for the main
phylogenetic tree figure in the results section. For some papers, there was no obvious main
phylogeny, or the main phylogeny did not include the relevant clades. In this case, | selected
the alignment that best met my requirements. For Moroz et. al. (2014), the phylogenetic trees
estimated from the alignments were included as Extended Figures 3a and 3d. | selected the
alignment used for Extended Figure 3d as it included more taxa (12 Ctenophora species
instead of 2). For the Laumer 2018 dataset, a partition file was not available for the matrix in
the main phylogenetic tree figure, so | selected an alternate matrix. Finally, | selected both the
ribosomal and non-ribosomal matrices from the Nosenko 2013 dataset, as trees estimated
from these two matrices have different topologies (Nosenko et al. 2013a). | did not modify or
filter alignments in any way, except to update taxon names to be consistent across matrices

so that the alignments could be batch processed using scripts. My alignments and partition
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fles are available from the  FigShare repository  “Ancient ILS”  at
https://doi.org/10.6084/m9.figshare.25965172.v2.

4.3.3 Tree estimation

| used IQ-Tree2 v2.2.2.6 (Chernomor et al. 2016; Minh et al. 2020b) to estimate maximum
likelihood trees from the 12 empirical matrices. | inferred maximum likelihood trees from each
alignment in 1Q-TREE under both a Partitioned model and the site-specific C60 model (Le et
al. 2008a).

To estimate the best partitioning scheme for each alignment in 1Q-Tree2, | used the command
“igtree2 -s alignment.fa -S partition.nex -m MFP”, where alignment.fais
an alignment file and partition.nex is the partition file from that alignment. | used the
partition file from the original study to identify partition start and end points. | used the command
option “-m MFP” to estimate the best-fit model for each partition with ModelFinder
(Kalyaanamoorthy et al. 2017). In IQ-TREE, | estimated a maximum likelihood tree from the
same alignment using that partitioning scheme using the command “igtree2 -s
alignment.fa -p best partition.nex”, where alignment.fa is the alignment file
and best partition.nex is the best partitioning scheme for that alignment. | applied an
edge proportional Partitioned model using the “-p” command, which allowed independent

rates of evolution for different partitions.

For each alignment, | estimated a maximum likelihood tree under a C60 model in IQ-TREE
using the command “igtree2 -s alignment.fa -mset Poisson+C60,LG+C60 -
mrate E,I,G,I+G,R,I+R”, wherealignment.fa isthe alignmentfile.|constrained model
selection to either the Poisson+C60 or LG+C60 model as both have previously been applied
to estimate the metazoan phylogeny (Laumer et al. 2018a, 2019a; Kapli and Telford 2020).
Using the “-mrate” command, | tested the +I, +G, +I+G, +R, and +I+R models of rate
heterogeneity among sites. As each of the best C60 models contained a “+F” parameter, the
weights in the mixture model were automatically optimised by IQ-TREE without needing to call

“—mwopt” explicitly.

| wrote a custom R v4.2.2 (R Core Team 2018) script to automate the process of tree
estimation. The script to generate constraint trees and construct IQ-TREE command lines
(01_empirical_tree_estimation.R) is available at the GitHub repository for this project
https://github.com/caitlinch/ancient ILS. All trees are available from the Figshare repository for
this project (https://doi.org/10.6084/m9.figshare.25965172.v2).
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4.3.4 Gene tree estimation

Both gene and quartet concordance factors are calculated using gene trees. | estimated two
gene trees in IQ-TREE for each gene in each of the 12 empirical matrices: one using the best-
fit model for that gene as determined by ModelFinder, and one using the best C60 model. The
12 empirical matrices included a total of 1187 genes, and | estimated two trees from each gene

resulting in a total of 2374 gene trees.

| used partition files from the original analyses to split the 12 empirical matrices into 1187
alignments, each consisting of a single ortholog or orthologous group. To estimate maximum
likelihood gene trees with ModelFinder, | used the command “igtree2 -s
partition alignment.fa -m MFP”,where partition alignment. faisthe alignment
file for a single partition. To estimate gene trees with C60 models, | used the command
‘igtree2 partition alignment.fa -m best C60 model”, where,
partition alignment.fa is the alignment for a single partition. The term
‘pest C60 model” represents is the best C60 model identified by ModelFinder for the
alignment, including rates and weights for each of the 60 C60 parameters, and rates and

weights for the rate heterogeneity across sites model.

| wrote custom R v4.2.2 (R Core Team 2018) scripts to automate the process of gene tree
estimation. The scripts to generate constraint trees and construct IQ-TREE command lines
(02_gene_tree_estimation.R, 02_C60_gene_tree_estimation.R) are available at the GitHub

repository for this project https://github.com/caitlinch/ancient ILS. All gene trees are available

from the Figshare repository for this project
(https://doi.org/10.6084/m9.figshare.25965172.v2).

4.3.5 Concordance factors

Gene and quartet CFs are an estimation of the proportion of the genome for which a given
clade is true (Lanfear and Hahn 2024). Estimating gCFs and qCFs requires a species tree
(described below) and a set of gene trees (described above). To assess the topological
variation in the 12 empirical matrices, | calculated gene and quartet concordance factors at
key branches in the metazoan phylogeny. | was interested in CFs and branch lengths for three
branches: the key branch, the branch leading to the Ctenophora clade, and the branch leading

to the Porifera clade.
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4.3.5.1 Species tree estimation

The key branch is defined by four clades: Outgroup; Porifera; Ctenophora; and the
monophyletic clade consisting of Bilateria and Cnidaria. The three alternate arrangements of
these clades around the key branch represent the hypotheses of early animal evolution in my
chapter (Figure 21). To determine which CF was associated with which evolutionary
hypothesis, | calculated CFs for each of the three resolutions of the key branch (Figure 21). |
constructed a multifurcating guide tree for each hypothesis to fix relationships between clades
without impacting relationships inside each clade, then added these trees as a constraint for
the tree estimation process. The guide trees constrained relationships between the Outgroup,
Bilateria, Cnidaria, Ctenophora, and Porifera clades such that each guide tree represented
one of the three evolutionary hypotheses from Figure 21. Some matrices included one or more
taxa in the clade Placozoa. The placement of Placozoa within the metazoan tree is unresolved
(Schierwater et al. 2021). Therefore, | did not constrain Placozoa within my guide trees, which

allowed placement of Placozoa taxa to be inferred during tree estimation.

Under a Partitioned model, | estimated trees for each hypothesis of early animal evolution with
each alignment. | estimated trees in IQ-TREE with the command “igtree2 -s
alignment.fa -p best partition.nex -g guide tree.nex”, where
alignment. fa is the alignment file, best partition.nex is the best partitioning scheme
for that alignment (as identified during tree estimation, see above), and
hypothesis tree.nex is the multifurcating guide tree which constrains tree estimation to
one of the hypotheses of early animal evolution. | applied an edge proportional Partitioned
model using the “-p” command, which allowed independent rates of evolution for different

partitions.

For each alignment, | also estimated trees under a C60 model for each hypothesis of early
animal evolution. | used the C60 model (including all weights and rates) selected by
ModelFinder (as identified during tree estimation, see above). | estimated trees in IQ-TREE

with the command command “igtree2 -s alignment.fa -m best C60 model -g
hypothesis tree.nex”, where alignment. fa is the alignment file, best C60 model is
the best C60 model for that alignment (e.g., LG+C60+R5), and hypothesis tree.nex is
the multifurcating guide tree which constrains tree estimation to one of the hypotheses of early

animal evolution.

179



Evaluating Hypotheses of Early Animal Evolution

4.3.5.2 Concordance factor estimation

The gene concordance factor (gCF) for each branch is the proportion of decisive gene trees
that support a given branch in a reference tree. The gene discordance factors (gDF1 and
gDF2) are the proportion of genes that support the alternate topologies obtained by performing
an NNI move around the branch of interest. Finally, the paraphyletic gene concordance factor
(gDFP) is the proportion of gene trees where one or more clades in the gene tree is not
monophyletic compared to the four clades around the branch of interest of the reference
topology (Lanfear and Hahn 2024). As all genes are included in these four categories,
gCF+gDF1+gDF2+gDFP=1 (Minh et al. 2020a). | calculated 2 sets of gCFs from each of the
12 empirical matrices: one from the constrained trees estimated from Partitioned models, and
one from the constrained trees estimated from C60 models. | calculated gCFs in IQ-TREE
v2.2.2.6 using the command “igtree2 -te hypothesis tree.nex --gcf
gene trees.nex’, Where hypothesis tree.nex is the maximum likelihood tree for one
of the three hypotheses of animal evolution (Figure 21), and gene trees.nex is the set of

gene trees.

Similar to gCFs, quartet concordance factors represent quartet variance for the main topology
(gCF) and two alternate topologies arranged around the same branch (gDF1, gDF2). Quartet
concordance factors were estimated in ASTRAL v5.6.9 using the command line “java -jar
astral.5.7.8.jar -g hypothesis tree.nex -1 gene trees.nex -t 2 -o
quartet concordance.nex 2> quartet concordance.log”. For a given alignment,
hypothesis tree.nex is the maximum likelihood tree for one of the three hypotheses of
animal evolution (Figure 21), gene trees.nex is the set of gene trees file,
quartet concordance.nex is the output tree and quartet concordance.log is the

output log.

Under a Partitioned model, 5 matrices (Chang 2015, Laumer 2018, Nosenko 2013 ribosomal,
Philippe 2009, and Whelan 2015) had different placement of Placozoa in each of the
constrained maximum likelihood trees such that the key branch did not connect the same 4
clades in each of the 3 constrained trees. For these 5 matrices, before calculating CFs as
described above, | removed Placozoa taxa from the constrained ML tree and from each of the
gene trees using the function DropTip from the R package TreeTools v1.10.0 (Smith and
Paradis 2023). | could remove Placozoa taxa from these analyses because my investigation
focuses on the SOM and is not concerned with the placement of Placozoa. The C60 analyses
for these matrices did not have this issue and therefore Placozoa was left in the C60

constrained ML trees and gene trees.
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In this chapter, | denote which CF belongs to which constrained topology by labelling each
concordance factor with the corresponding topology. For example, the gCF and qCF for the
constrained tree topology with Ctenophora as the SOM are given by gCFcren and qCFcren
respectively. When Porifera is constrained as the SOM, the CFs are gCFpor and qCFepori.
Finally, for the constrained tree with monophyletic clade of Ctenophora and Porifera as SOM,

the CFs are gCFcren+pori and qCFcren+pori.

4.3.5.3 Reproducing concordance factor analyses

To conduct the concordance factor analyses described above, | wrote custom R v4.2.2 (R
Core Team 2018) scripts to remove Placozoa taxa from the Partitioned model gene trees and
ML trees for the matrices specified above. | also wrote custom R v4.2.2 scripts to automate
the process of concordance factor estimation, and to extract the concordance factors and
branch lengths for the three branches of interest. The scripts to construct IQ-TREE and
ASTRAL command lines (03_empirical_concordance_factors), and to analyse and plot the
results (05 plot_figures cf.R and 05_plot_trees.R) and are available at the GitHub repository
for this project https://github.com/caitlinch/ancient ILS. To perform my analyses | used the R
packages ape v5.7.1 (Paradis and Schliep 2019), castor v1.8.0 (Louca 2023), dplyr v1.1.4
(Wickham et al. 2021), phangorn v2.11.1 (Schliep 2011), phytools v2.1.1 (Revell 2012), seqinr
v4.2.36 (Charif and Lobry 2007), stringr v1.5.1 (Wickham 2023), and TreeTools v1.10.0 (Smith
and Paradis 2023). | performed data analyses and plotting in R, using the packages ggplot2
v3.5.0 (Wickham 2016), ggpubr v0.6.0 (Kassambara 2023), ggtree v3.4.4 (Yu et al. 2017; Xu
etal. 2022), patchwork v1.2.0 (Pedersen 2022), and reshape2 v1.4.4 (Wickham 2007). All gCF
and (CF results are available from the Figshare repository for this project
(https://doi.org/10.6084/m9.figshare.25965172.v2).

4.3.6 Constrained gene tree estimation

To further assess the support for the three hypotheses of early animal evolution (Figure 21), |
compared which hypothesis topologies were more likely for each gene. | estimated three
constrained gene trees from each gene, one for each hypothesis of animal evolution in Figure
21, and recorded the log-likelihood and BIC values for each constrained gene tree. For each
gene, | determined which hypothesis was most likely by identifying which of the constrained
gene trees had the lowest BIC. | also compared the BIC from the unconstrained gene tree with
the BIC from the constrained gene trees, and noted whether the gene tree with the lowest BIC
was constrained or unconstrained. Due to the large computational and time requirements for
estimating gene trees with the C60 model, | conducted the constrained tree analysis only for

the Partitioned model.
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For each gene, | constructed multifurcating guide trees for each of the hypotheses of animal
evolution. To estimate constrained maximum likelihood gene trees in IQ-TREE, | used the
command line “igtree2 -s gene alignment.fa -m ModelFinder model -g
gene guide tree.nex”. Here, gene alignment.fa is the alignment for a single gene,
and gene guide tree.nex is the guide tree for that gene. | set the model of sequence
evolution “ModelFinder model” equal to the model for that gene from the best partitioning

scheme for that alignment, including rate or gamma parameters.

I removed 5 genes from the Whelan 2015 matrix, as | was unable to estimate constrained gene
trees due to errors in the guide trees. | estimated constrained gene trees for the remaining

1882 genes, resulting in a total of 1882 x 3 = 5646 constrained gene trees.

| wrote a custom R v4.2.2 (R Core Team 2018) scripts to automate the process of constructing
gene trees and calling IQ-TREE to estimate gene trees, and to perform the BIC comparison.
The scripts to generate constraint trees and construct 1Q-Tree command lines
(02_gene_tree_estimation.R, 04_single_gene_processing.R, and 05_plot_figures_cf.R) are

available at the GitHub repository for this project https://github.com/caitlinch/ancient ILS.

Plotting was performed as described above. Results from the constrained tree analysis are
available from the Figshare repository (https://doi.org/10.6084/m9.figshare.25965172.v2).
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4.4 Results

4.4.1 Gene and quartet concordance factor values suggest substantial
contributions of ILS

Gene Concordance Factors
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Figure 22: Gene concordance factors (gCFs) around the key branch from 12 empirical
phylogenetic matrices.

For each matrix, the results from the Partitioned model are shown above results from the C60
model. In the x axis, CTEN refers to constrained trees estimated with the Ctenophora-as the
SOM; PORI refers to the constrained trees estimated with Porifera as the SOM; and CTEN+PORI
refers to constrained trees estimated with the monophyletic clade of Ctenophora and Porifera
as the SOM.

| found substantial variation in gCFs for the different datasets (Figure 22). The majority of
analyses (16/22) had a non-zero gCF value for each of the three resolutions of the key branch.
In 6 cases, only one gCF was non-zero: either gCFcren (5/6) or gCFcren+pori (1/6). For most
datasets and both models of evolution (18/22), gCFcren had the largest value (Figure 22).
Comparing gCF values under both models, | found gCF values for the same dataset were
generally larger under the Partitioned model. For the majority of matrices (10/12), gCFcren Was
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higher for trees estimated under a Partitioned model than for trees estimated under the site-
specific C60 model (Figure 22). The gCFpori Values were higher under the C60 model for 4/12
datasets, lower under the C60 model for 5/12 datasets, and identical for 3/12 datasets. Finally,
gCFcren+rori Values were higher under the C60 model for 2/12 datasets, lower under the C60

model for 6/12 datasets, and identical for 4/12 datasets.

The majority of genes did not include the key branch (Supplementary Figure 24), with mean
gDFP values for each matrix ranging from 54.9 — 95.5. The gDFP values were higher for trees
estimated under a C60 model than under a Partitioned model for the majority of matrices
(9/12).

The highest gCF for each combination of dataset and substitution model ranged from 2.25 to
21.95 (Figure 22). The middle gCF ranged from 0 to 17.07, and the smallest gCF from O to
11.96. The difference between the highest and lowest gCF ranged from 0—16.45.

Regardless of substitution model, the majority of matrices had highest qCF values for
Ctenophora as the SOM (Partitioned: 11/12 matrices; C60: 8/12 matrices) (Figure 23). For
both substitution models, the second-highest qCF was gqCFpori (Partitioned: 9/12 matrices;
C60: 7/12 matrices) and the lowest qCF was qCFcren-rori (Partitioned: 9/12 matrices; C60:

8/12 matrices).

Comparing gCF values calculated from constrained trees under the Partitioned and C60
models, | observed the same trend in 7/12 datasets (Figure 23). For these datasets, increasing
model complexity resulted in lower qCFcren values and higher qCFpor/qCFcren+rori Values.
Of the remaining matrices, 4/5 had one qCF value increase and the other two decrease when
the model was changed (Philippe 2009, Philippe 2011b, Ryan 2013, Moroz 2014).

While qCFcren Wwas generally higher than the other qCFs, | observed that the difference
between the highest and lowest qCF for each combination of dataset and model was generally
low, ranging from 0.018 — 0.266 (Figure 23). The highest qCF for each combination of dataset
and substitution model ranged from 0.342-0.487, the middle qCF from 0.264—-0.375, and the
lowest qCF from 0.193-0.326.
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Quartet Concordance Factors
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Figure 23: Quartet concordance factors (QCFs) around the key branch from 12 empirical

phylogenetic matrices.

For each dataset, the results from th

e Partitioned model are shown above results from the C60

mode. In the constrained topology axis, CTEN refers to constrained trees estimated with the
Ctenophora-as the SOM; PORI refers to the constrained trees estimated with Porifera as the
SOM; and CTEN+PORI refers to constrained trees estimated with the monophyletic clade of
Ctenophora and Porifera as the SOM.

185



Evaluating Hypotheses of Early Animal Evolution

4.4.2 All hypothesis topologies are included in the set of gene trees for any
given dataset

14

0.8

Best topology
(by BIC)

0.6

0.4

Proportion of genes (%)

0.2

o
]
i

Borowiec 20151 |

Dunn 2008-
Philippe 20094
Philippe 20111

Nosenko 2013 nonribo.-
Ryan 201 3-

Nosenko 2013 ribo.-
Moroz 2014

Chang 2015
Whelan 2015
Whelan 2017
Laumer 2018-

Figure 24: Best topology (i.e., which metazoan clade diverged first) for each gene in 12 empirical
matrices. The best topology was defined as the topology with the lowest BIC.

| applied ModelFinder in IQ-Tree2 to estimate the best model for each gene and applied that
model to all three constrained tree inferences. CTEN refers to constrained trees estimated with
the Ctenophora-as the SOM; PORI refers to the constrained trees estimated with Porifera as the
SOM; and CTEN+PORI refers to constrained trees estimated with the monophyletic clade of
Ctenophora and Porifera as the SOM. Best topology for each gene determined by comparing the
BIC values for each of the three constrained trees (CTEN, PORI and CTEN+PORI) and selecting
the tree with the lowest BIC. Where more than one tree tied for equal lowest BIC, | list both
topologies (with topologies separated by “&”). Where all BIC values were equal for a given gene,
the best topology was marked as “All equal”. The terms “nonribo.” and “ribo.” refer to “non-
ribosomal” and “ribosomal” respectively.

All three hypothesis topologies are represented within the gene trees for each dataset (Figure
24). Within each dataset, there were at least 4 genes with the lowest BIC score for each of the
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3 hypotheses of evolution (Figure 24). On average, around half of genes had lowest BIC for
the hypothesis of Ctenophora as SOM (46.60%), which was higher than the proportion of
genes supporting either Porifera (24.2%) or Ctenophora+Porifera (20.9%) as the SOM. The
remaining genes (8.3%) had equal BIC for 2 or more constrained tree topologies. Different
datasets had different proportions of genes supporting each of the three hypotheses. The
hypothesis of Ctenophora as SOM had the highest proportion of genes with the lowest BIC
score (20.18 — 66.67%), followed by Porifera as SOM (17.82 — 30.54%), then by the
monophyletic clade of Ctenophora and Porifera as SOM (11.11 — 31.38%).

Finally, for each gene | compared the BIC scores from constrained and unconstrained trees
(Supplementary Figure 25). For 10/12 matrices, the majority of genes had better BIC scores
for unconstrained trees (52 — 88.6%). The exceptions were Moroz 2014 and Borowiec 2015,
where the proportion of unconstrained genes with best BIC scores were 43.9% and 50%

respectively.
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4.5 Discussion

In this chapter, | applied gene and quartet concordance factors to quantify biological variation
in 12 empirical matrices previously used to estimate the metazoan phylogeny. | found the
majority of datasets had non-zero values for all three concordance factors at the key branch,
and that the CF values were highest for the resolution of the key branch with Ctenophora as

sister to all other metazoans.

Concordance factors differ from branch support, in that the biological variation should be
consistent for alignments with different lengths, whereas branch support is the inverse of
sampling variance and as such is high for alignments with large numbers of sites (Thomson
and Brown 2022). Biological discordance, such as the discordance contained in gene trees
and quartets, can reveal evolutionary processes introduced by biological processes such as
incomplete lineage sorting or introgression (Lanfear and Hahn 2024). | compared CFs at the
key branch of the metazoan phylogeny to assess topological discordance and evolutionary
patterns. In general, CFs estimated under a C60 model had a smaller difference between the
largest and smallest CF values for each gene than CFs estimated under a Partitioned model.
This pattern held for both gCFs and qCFs. Site-heterogeneous models have been shown to
reduce systematic errors in metazoan tree inference (Redmond and McLysaght 2021a).
Therefore, CFs calculated from trees inferred under site-homogeneous (e.g., Partitioned
models) should be more impacted by systematic bias than those inferred under site-
heterogeneous models (e.g., C60), and comparing the CFs between models provides an

indication of the extent and type of systematic bias.

Comparing C60 and Partition models does not guarantee that the effects of model
misspecification can be determined. One key issue with this approach is that | did not validate
the absolute model fit of either model. Allowing the data to reject model assumptions is an
important step in the phylogenetic protocol that is often skipped (Brown and Thomson 2018;
Jermiin et al. 2020). In this chapter the Partition model for each dataset was selected using
ModelFinder in IQ-Tree2 (Chernomor et al. 2016; Kalyaanamoorthy et al. 2017; Minh et al.
2020b) which applies a greedy strategy from PartitionFinder (Lanfear et al. 2012, 2017) to
select models for each gene and merge genes into partitions. This approach tests relative
model fit, but does not include an absolute goodness-of-fit test to assess whether the final
partition model is adequate to explain the data. Consequently, the final model is not
guaranteed to have absolute fit for any of the datasets (Gatesy 2007). | also did not test the
absolute fit of the C60 models applied in this chapter. Although the absolute fit of the C60 and

Partition models is not guaranteed for the datasets used in these studies, previous studies of
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the metazoan tree have compared the fit of site-heterogeneous and site-homogeneous
models. Kapli and Telford (2020) compared the performance of site-heterogeneous and site-
homogeneous models on previously published metazoan datasets and simulated datasets
using Bayesian and concatenated tree inference methods. They found that site-homogeneous
models consistently under-estimated branch lengths for data that evolved heterogeneously
(Kapli and Telford 2020). In addition, site-homogeneous models also resulted in incorrect
topologies with >90% bootstrap support values at the nodes of interest (Kapli and Telford
2020). Redmond and McLysaght (2021a) assessed model adequacy for three previously
published metazoan datasets using a 4-tiered model system, where each tier introduced
increasingly site-heterogeneous models of substitution. Site-heterogeneous models
consistently had the best fit for all three datasets (Redmond and McLysaght 2021a). Based on
the results of these previous studies, it seems reasonable to assume that even if the C60
model is not an absolute fit for any of the datasets investigated in this chapter, that the fit of
the C60 models is better than that of the Partition models. As such the results from the Partition
models can be interpreted in comparison to the better-fitting C60 models, as long as the

possible limitations of the C60 models are acknowledged when interpreting the results.

| applied concordance factors to determine whether the substantial gene tree heterogeneity
present within metazoan datasets is due to ILS. If ILS is the only process responsible, | would
expect similar values for the second and third-highest CF (Lanfear and Hahn 2024), such that
the CF for one hypothesis was consistently the largest and the other two CFs were smaller
and identical in value. Under extreme ILS, all CFs would be identical. My results did not identify
the clear pattern in CF values that arises under pure ILS. | observed that the second- and third-
highest CFs were non-zero for most datasets. Comparing the difference between the largest
and second-largest CF with the difference between the second-largest and third-largest CF, |
observed that the former difference was bigger for 19/24 gCF analyses and 14/24 gCF
analyses (Figure 22, Figure 23). This suggests that ILS occurred along with additional

evolutionary processes, resulting in the patterns of discordance observed in this chapter.

Both gCFs and qCFs are impacted by gene tree estimation error (GTEE) (Lanfear and Hahn
2024). Phylogenetic signal is correlated with alignment length, therefore smaller genes contain
less phylogenetic signal (Shen et al. 2016) and are more likely to suffer from GTEE. Gene
length in the 12 matrices included in this chapter ranged from 36—1820 sites, with mean gene
length of 246.9 sites. My results found that the majority of genes in each dataset (53.7 — 97.1%)
were paraphyletic at the key branch, meaning that the majority of genes were unable to resolve
well-established metazoan clades. This combination of short alignments and high proportion

of paraphyletic gene trees is indicative of widespread GTEE (Lanfear and Hahn 2024). The
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consistent heterogeneity of phylogenetic signal observed in this chapter, plus the consistency
of highest CF values for the hypothesis where Ctenophora diverges before all other animals,
suggests that this chapter identified phylogenetic signal and not just GTEE. Detangling GTEE
from the complex evolutionary history of the Metazoa is extremely difficult due to the rapid
radiation that occurred at the base of the metazoan tree (King and Rokas 2017).
Accommodating this signal may require alternative phylogenetic methods that relax the
treelikeness assumption, such as phylogenetic networks (Solis-Lemus et al. 2017,
Poormohammadi et al. 2020; Lutteropp et al. 2022) or the MAST model (Wong et al. 2024).

As the metazoan phylogeny is notoriously difficult to resolve, previous studies have applied
methods using constrained single genes or sites to dissect phylogenetic signal. These
approaches are collectively named “Constrained Topology Analyses” (CTA), and aim to
determine the evolutionary relationships of a contentious clade by adding up small
contributions from small subsets of data under the assumption that the majority of these
subsets will support the evolutionary truth (Simion et al. 2020). CTA approaches are limited for
two main reasons: first the lack of guarantee that the majority signal is phylogenetic in nature
rather than noise or systematic bias, and second that there is sufficient information to estimate
accurate gene trees (Simion et al. 2020). Previous studies applying CTA approaches to the
Metazoa tend to find support for Ctenophora as the SOM (Arcila et al. 2017; Shen et al. 2017).
Shen et al. (2017) took 8 empirical phylogenetic datasets previously used to estimate
relationships between metazoan clades and reanalysed each dataset with a CTA approach.
They found that the hypothesis of Ctenophora as SOM was supported by 42.5 — 69.7% of
genes and 39.8 — 56.9% of sites, and that genes supporting this hypothesis were more
informative i.e., they had a large difference in log likelihood between the best constrained tree
and other constrained trees estimated from the same gene (Shen et al. 2017). Similarly, Arcila
et al. (2017) applied a CTA approach to the Whelan et al. (2015b) dataset and found that
64.1% of genes support the Ctenophora as SOM hypothesis.

| applied a CTA approach to genes from 12 empirical phylogenetic matrices previously used
to estimate the metazoan tree, by estimating three constrained gene trees from each gene and
identifying the hypothesis that resulted in the lowest BIC score (Figure 24). By including 12
matrices from 11 manuscripts published over a 20 year period from 2008 — 2018, my analysis
expanded on those of Arcila et al. (2017) and Shen et al. (2017), who investigated 1 matrix
and 8 matrices (from 3 manuscripts) respectively. | found between 20.18 — 66.67% of genes
supported Ctenophora as the SOM, depending on dataset. Two matrices (Dunn 2008 and
Philippe 2011) analysed only in my chapter had less than 40% of genes supporting the

Ctenophora as SOM topology, although both still had the highest number of trees inferred
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supporting this topology. There are two main differences between my analysis and the
previous metazoan CTA analyses. First, | identified that for 0 — 46.5% of genes in each dataset,
multiple constrained topologies had identical best BIC scores. This varied between datasets,
with 0% of genes in the Nosenko 2013 non-ribosomal and Philippe 2009 matrices having
multiple constrained trees tie for best BIC score, compared to 46.5% of genes in the Moroz
2014 dataset. Second, | identified that over half of genes for each dataset did not support any
of the three hypothesis topologies when trees were unconstrained (Partitioned model: 53.7 —
95.5%; C60 model: 56.1 — 97.14%) (Figure 22).

My chapter reinforces the heterogeneity of phylogenetic signal within metazoan datasets. My
chapter corroborates Simion et al. (2020), who reanalysed the datasets included in Shen et al.
(2017) to identify sources of error within CTA approaches, and found that the majority of
constrained gene trees (>93%) were rejected when compared to the unconstrained topology.
My CTA was limited to Partitioned models, but previous research suggests that the proportion
of constrained gene trees rejected when compared to the unconstrained topology increases
as model complexity increases (Simion et al. 2020). This is consistent with previous findings
that site-heterogeneous models have the best fit for metazoan datasets, and that trees
estimated from simpler models suffer from systematic bias due to model misspecification
(Redmond and McLysaght 2021a). The conflicting signals detected by the CTA in this chapter
suggest that inferences of metazoan datasets should explicity accommodate the conflicting

signal identified in this chapter.

A limitation of this chapter’s approach is that the concordance factors reveal the extent of
discordance within metazoan datasets but cannot definitively identify the historical biological
processes that resulted in that discordance. If ILS was the only cause of discordance, both
discordance factors would be equal (Lanfear and Hahn 2024). However, my results suggest
the presence of another factor impacting concordance factors, either biological or analytical.
Many methods to detect and quantify ILS have been developed (Lee et al. 2012; Song et al.
2012; Knowles et al. 2018; Sayyari et al. 2018; Morales-Briones et al. 2021; Stiller et al. 2024).
Further analyses of the metazoan datasets analysed in this chapter could include additional
methods for detecting or quantifying ILS such as QuIBL (“Quantifying Introgression via Branch
Lengths”) which distinguishes between introgression and ILS by comparing the distribution of
internal branch lengths for three taxon trees (Edelman et al. 2019), or by comparing the genetic
distance between sequences from two species to the null distribution obtained from

simulations under the multispecies coalescent (Joly et al. 2009).
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Unfortunately, the factors that make inferring an accurate metazoan phylogenetic tree difficult
also complicate inference of historical biological processes. There have been previous studies
attempting to untangle the multiple biological and analytic processes contributing to discordant
phylogenetic signal. Cai et al. (2021) applied an approach similar to the CF method in their
study investigating the biological and analytic factors contributing to the difficulty of estimating
a tree for the flowering plant clade Malpighiales. Cai et al. (2021) applied a triplet frequency
based method to test deviation from the multispecies coalescent. Frequencies of each triplet
are calculated for each gene tree, with the expectation that under solely ILS the frequency of
the minor discordant triplets with be equal. To evaluate the biological causes of discordant
triplets, Cai et al. (2021) applied a simulation-based approach that included a parametric
bootstrap to allow them to compare their results to a simulation-based null distribution, allowing
them to compare the observed triplet frequencies to the expected triplet frequencies under ILS.
The methods applied by Cai et al. (2021) allowed them to estimate levels of ILS across the
inferred phylogeny, and distinguish between ILS, gene tree estimation error and gene flow. As
the Metazoa also has a complex evolutionary history, a similar approach of integrating
empirical and simulation data would allow investigation into the contribution of the suggested

causes of heterogeneous phylogenetic signal.

Determining orthology of gene in Metazoa datasets is particularly difficult. Few orthologs are
shared across the Metazoa due to the deep divergences between clades and the rapid
evolution of the Ctenophora clade (Pett et al. 2019). Multiple studies have identified orthology
issues within metazoan datasets (Philippe et al. 2011b; Simion et al. 2017a; Redmond and
McLysaght 2021a). McCarthy et al. (2023) took 5 previously published metazoan datasets and
tested the orthology of each gene by identifying the number of established metazoan clades
(Bilateria, Ctenophora, Cnidaria, Porifera, Outgroup) recovered in each gene tree, and
retaining only genes that recovered 3 or more monophyletic clades. Between 17 — 33% of
orthogroups from the original study were retained, equivalent to 25-52% of the original dataset
size (McCarthy 2023). The difficulty of orthology inference for metazoan datasets has been
demonstrated through simulation study by Natsidis et al. (2021), who simulated the evolution
of sets of orthologous genes along the metazoan tree of life. Natsidis et al. (2021) performed
200 simulations, each of 5000 sets of orthologs, and allowed different genes to have different
rates of evolution and different degrees of site rate heterogeneity (Natsidis et al. 2021).
Success in recovering the correct orthogroups depended on the gene rate multiplier, with
increasing numbers of errors as the gene rate multiplier increased. At the highest values of

gene rate multiplier, 250,000 orthogroups were estimated from a single simulation replicate
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(Natsidis et al. 2021). Given the empirical and simulation study results, it seems reasonable to

assume that some level of orthology errors are present within any metazoan dataset.

The complexity of identifying orthologs within the metazoan tree has consequences on
downstream inferences. For example, misidentification of orthologs has been shown to impact
species tree estimation (Brown and Thomson 2017; Siu-Ting et al. 2019; Natsidis et al. 2021;
McCarthy et al. 2023). In this chapter, my approach assumed that the estimated concordance
factors reflected the evolutionary history of orthologous loci. Misidentification of orthologs in
the datasets included in this chapter would impact concordance factors, resulting in apparent
support for ILS. There are two potential approaches to detangle the impact of ILS and the
impact of ortholog misidentification. The first is a simulation study, similar to that of Natsidis et
al. (2021). This would allow comparison of the concordance factors between the true simulated
orthogroups and the recovered estimated orthogroups, with any difference attributable to
errors in the ortholog identification process. The second is a study of published empirical
metazoan datasets, similar to McCarthy et al. (2023). After applying a stringent filter to remove
inadequate orthogroups, concordance factors of the original and filtered datasets can be
compared. One limitation of the empirical approach is dataset size. Of the metazoan datasets
analysed by McCarthy et al. (2023), 4/5 original datasets had less than 210 loci. Assuming
similar results to McCarthy et al. (2023), around 25-50% of the loci will be removed during the
filtering process, resulting in small sample sizes particularly proportional to the number of taxa
(usually around 50 — 100) in metazoan datasets. The degree of concordance within in a dataset
does not change as the amount of data used to estimate concordance factors increases
(Lanfear and Hahn 2024). However, estimating accurate concordance factors relies upon not
only sufficient number of genes but also taxon sampling, so it may be difficult to estimate

accurate concordance factors from sparse datasets with few loci.

Inferring the evolutionary history of the Metazoa is challenging due to the discordant
phylogenetic signal and the large humber of steps with potential for introducing systematic
errors including as ortholog identification, alignment error, gene tree estimation and model
misspecification. In this chapter, | applied CFs to investigate potential sources of systematic
bias within this clade. | show that substantial topological discordance is present within each of
the 12 matrices | investigated, potentially due to rapid radiation at the base of the metazoan
tree. | also find CFs at the key branch decrease when a site-heterogeneous model is applied,
consistent with LBA. My results suggest that traditional phylogenomic approaches are unlikely
to resolve the evolutionary history of the Metazoa, and alternate approaches designed to

detect deep phylogenetic signal may be required.

193



Evaluating Hypotheses of Early Animal Evolution

4.6 Data availability

All alignments were downloaded from the sources listed in Table 6. All scripts to replicate these
analyses  are available at the GitHub repository  for  this project

(https://github.com/caitlinch/ancient ILS). The alignments | used and other files generated

during this analysis are available at the Figshare repository for this project “Ancient ILS” v2
(https://doi.org/10.6084/m9.figshare.25965172.v2), including alignments, partition files, trees,

gene trees, and concordance output files.
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4.8 Supplementary figures
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Supplementary Figure 24: Gene concordance factors (gCFs) including the gDFP (gene
discordance factor — paraphyletic) around the key branch from 12 empirical phylogenetic
matrices.

For each matrix, the results from the Partitioned model are shown above results from the C60
model. In the x axis, CTEN refers to constrained trees estimated with the Ctenophora-as the
SOM; PORI refers to the constrained trees estimated with Porifera as the SOM; and CTEN+PORI
refers to constrained trees estimated with the monophyletic clade of Ctenophora and Porifera
as the SOM.
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Supplementary Figure 25: Type of gene tree (either Constrained or Unconstrained) with best
BIC value for genes in 12 empirical matrices.
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One unconstrained tree and three constrained trees were estimated from each gene, and BIC
scores from the constrained and unconstrained trees were compared to identify the best (i.e.,

lowest) BIC score for each gene. The terms “nonribo.” and “ribo.” refer to “non-ribosomal” and
“ribosomal” respectively.
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This thesis aims to investigate the prevalence and impact of violating the treelikeness
assumption during phylogenetic inference, and to apply new and established methods to
assess phylogenetic signal and reduce systematic bias in non-treelike data. | used techniques
from mathematics, statistics, computer science and evolutionary biology to investigate sources

of reduced treelikeness and develop methods for working with non-treelike data.

The majority of phylogenetic methods apply models to simplify the complex and stochastic
processes of evolution. No model is able to fully capture the complexity of evolutionary
processes, as noted by Box (1979) who stated “All models are wrong but some are useful.” In
the past decade, there has been growing awareness of the importance of assessing model
adequacy and testing goodness of fit within the phylogenetic pipeline (Brown and Thomson
2018; Jermiin et al. 2020; Simion et al. 2020). A variety of tests have been developed to aid
assessment of different assumptions included in phylogenetic models such as heterotachy
(Wang et al. 2007; Crotty et al. 2020) or the stationary, reversible, and homogeneous
assumptions (Ababneh et al. 2006; Naser-Khdour et al. 2019, 2021). Ideally, these tests are
applied prior to or after tree estimation (depending on the test), with test results informing tree
estimation and interpretation. Investigating phylogenetic assumptions prior to tree inference
aids in selecting reasonable methods and parameters for phylogenetic parameters (Jermiin et
al. 2020). In particular, the massive amounts of genomic data available have resulted in an
awareness of the heterogeneity of phylogenetic signal, and development of methods to

accommodate that heterogeneity (Delsuc et al. 2005; Jeffroy et al. 2006; Steenwyk et al. 2023).

The treelikeness assumption states that every site in an alignment shares an identical
evolutionary history that fits a single bifurcating tree. This assumption is commonly included in
phylogenetic methods. Concatenation methods assume that the entire alignment is treelike,
and summary methods (also known as gene tree/species tree methods or two step methods)
assume that each locus is treelike. The treelikeness of any multiple sequence alignment is
violated by processes that disrupts purely vertical genetic transmission including
recombination, introgression, hybridisation, or incomplete lineage sorting (ILS). Previous
studies have shown that violation of the treelikeness assumption in empirical multiple
sequence alignments is widespread. Previously, Smith et al. (2020) analysed 13 datasets from
across the tree of life and found that 1 — 92% of datasets contained intragenic conflict. Similarly,
exons from the same gene have been found to have different evolutionary histories
(Scornavacca and Galtier 2017; Mendes et al. 2019). The level of treelikeness will be different

in different datasets, depending on the evolutionary history of the selected taxa and the
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evolutionary depth of the clade under consideration. As the number of taxa or sites included
in an alignment increases, the frequency of recombination breakpoints increases and the
length of any treelike segment of the alignment decreases (Springer and Gatesy 2016, 2018).
In theory, any alignment used for tree inference is unlikely to be treelike (Gatesy and Springer
2014; Springer and Gatesy 2016, 2018). In practice, the extent to which treelikeness impacts

tree inference remains relatively poorly studied.

In this thesis, | demonstrated multiple ways to assess the treelikeness of phylogenetic datasets
and determine the impact on tree inference. In Chapter One, | identified three test statistics for
treelikeness that can be applied to any multiple sequence alignment and developed a statistical
test to assess the adequacy of the treelikeness assumption using a parametric bootstrap.
These three tests are process-agnostic, in that they each aim to quantify treelikeness without
detecting or quantifying any particular cause of reduced treelikeness. | assessed the
performance of these tests on simulated and empirical data. | also provide an R
implementation for the new test | developed, called the “tree proportion”. To my knowledge,
this chapter presents the first comprehensive benchmarking of test statistics to quantify
treelikeness. While there is potential to improve the performance of the best three tests, this
chapter is a helpful reference for biologists to assess phylogenetic assumptions prior to tree
estimation. This chapter fits within the broader movement towards reducing bias by assessing

model assumptions prior to tree estimation (Jermiin et al. 2020).

Second, | present a number of methods for investigating specific causes of decreased
treelikeness. In Chapter Two, | detect decreased treelikeness caused by recombination events
and determine whether removing non-treelike loci improved tree inference. In Chapter Four |
use topological variation at key branches within empirical phylogenies to identify evolutionary
processes that result in decreased treelikeness. Both of these chapters aim to understand
historical biological processes, and understand the impact these processes had on tree
inference. However, in both chapters | investigated the signals of evolutionary history using
existing published multiple sequence alignments. As analyses in these chapters were applied
to completed sequence alignments, my results are impacted by choices made during dataset
construction. The process of creating a multiple sequence alignment has many steps, each of
which may bias phylogenetic tree inference (Ranwez and Chantret 2020). For example,
Philippe et al. (2011b) inferred a different topology in 2/3 alignments that had previously been
used to estimate the animal tree of life after correcting for sequencing errors, orthology errors,
missing data, taxon sampling, incorrectly named taxa, and multiple substitutions. Existing
multiple sequence alignments have been constructed with certain analyses in mind, which

informs choices made during the alignment process (Morrison 2006; Ranwez and Chantret
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2020). Creating a new alignment would result in more control over each of those intermediate
choices, removing a potential source of bias and ensuring the final alignment is sufficient to

investigate the particular processes of interest.

Finally, in Chapter Three | relax the treelikeness assumption completely and consider whether
a single tree is sufficient to describe the evolutionary history of the animal tree of life. The
Mixtures Across Sites and Trees (MAST) model (Wong et al. 2024), is a process-agnostic
multitree mixture model which represents the evolutionary history of a given alignment as a
mixture of bifurcating trees. | applied the MAST model to estimate the metazoan tree of life, a
contentious and unresolved phylogeny. My results showed that for most datasets, a mixture of
2 or more trees was a better fit than a single tree. In previous analyses, the inferred metazoan
tree topology depends on factors including model choice (Feuda et al. 2017a; Whelan and
Halanych 2017; Kapli and Telford 2020; Redmond and McLysaght 2021a); outgroup choice
(Nosenko et al. 2013a; Pisani et al. 2015; Li et al. 2021); orthology identification (Pett et al.
2019; Natsidis et al. 2021; McCarthy et al. 2023); matrix completeness (Sanderson et al. 2010;
Roure et al. 2013); and alignment error (Pisani et al. 2015). Multiple studies have reanalysed
previously-published metazoan datasets with different filtering or model parameters and
inferred trees with different evolutionary hypotheses to the original analysis (Philippe et al.
2011b; Li et al. 2021; Redmond and McLysaght 2021a; McCarthy et al. 2023). Additionally,
previous studies have established the existence of heterogeneous phylogenetic signal within
empirical datasets (Shen et al. 2017; Smith et al. 2020), and particularly the high levels of
conflicting signal within metazoan datasets (Arcila et al. 2017; Shen et al. 2017; Kapli and
Telford 2020; Szantho et al. 2023). On average, applying the MAST model resulted in a mixture
of trees with a tree weight of around 40% for Porifera as the sister of all other Metazoa (SOM),
and 60% for Ctenophora. Given the similarity of the two tree weights, slight changes in the
phylogenetic pipeline could plausibly flip the preferred tree topology if it is inferred assuming
that a single bifurcating tree topology is adequate to represent the data. In some studies, such
as those investigating the evolution of complex traits such as nervous or gut systems, a single
metazoan tree is often the basis for drawing evolutionary hypotheses. Given that my work
shows overwhelming evidence that there more than one bifurcating tree is required to explain
metazoan evolution, | recommend either considering multiple evolutionary pathways using the
mixture weights, or focusing on specific genes that are known to be important in the system

under consideration.

Throughout this thesis, | have used the metazoan phylogeny as an example of a clade with a
complex evolutionary history. The Metazoa contains all animal clades: Porifera (sponges),

Ctenophora (comb jellies), Cnidaria (aquatic animals such as jellyfish, sea anemones or
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corals), Placozoa (simple blob-like marine organisms), and Bilateria (all other animals e.g.,
vertebrates, arthropods, molluscs, etc.). The phylogenetic placement of these clades has
potential implications for understanding the evolution of complex traits such as central nervous
systems or digestive systems (Ryan and Chiodin 2015; Presnell et al. 2016). The relationships
between animal clades are currently unresolved and subject to contentious debate, particularly
focused on whether Ctenophora or Porifera was the first clade to diverge from all other

animals.

Multiple factors contribute to the difficulty of resolving the metazoan tree. Short branches
separating clades at the base of the metazoan tree suggest that the Metazoa underwent a
rapid radiation (Rokas et al. 2005; Rokas and Carroll 2006). Tree inference is further
complicated by the ancient timing of these diversifications and the variation in evolutionary
rates across the Metazoa, particularly the rapid rate of evolution for Ctenophora species (Kohn
et al. 2012; Wang and Cheng 2019). This results in substitutional saturation and homoplasy
within metazoan multiple sequence alignments, which can reduce phylogenetic accuracy
(Philippe et al. 2011b; Dunn et al. 2014; King and Rokas 2017). Further adding to the
complexity of species tree estimation, phylogenetic signal varies within metazoan genomes.
Protein structural environment impacts tree inference, with different trees inferred from
exposed sites (i.e., sites located on the protein surface) and the slower-evolving buried sites
(Pandey and Braun 2020, 2021). Similarly, choice of genes can bias tree inference.
Mitochondrial genomes are fast-evolving in Bilateria, thus selection of mitochondrial or nuclear
genes during dataset construction will impact downstream analyses including tree inference
(Philippe et al. 2011b). The functional class of genes selected for analysis is also important,
with one study showing distinct trees were inferred from two matrices consisting of only
ribosomal or only non-ribosomal genes respectively (Nosenko et al. 2013a). Each of these
factors further complicates tree inference. Analysing metazoan datasets is therefore a useful
case-study which helps to develop a set of tools that can be applied to other complex and
contentious datasets. While the approaches applied in this thesis were unable to definitively
resolve the animal tree of life, the methods applied throughout enabled an investigation into
the causes and impacts of heterogeneous phylogenetic signal. These methods can be applied

to other contentious clades to interrogate conflicting signal and investigate incongruence.

Given the levels of discordant signal within metazoan datasets, my work suggests that
resolving this tree may be a misleading aim, and that work should instead focus on resolving
the number and identity of trees necessary to explain the evolutionary history of metazoan
genomes. There exist a number of methods which can be used to aid with this goal, many of

which go well beyond what is presented in this thesis. One approach is to use gene content,
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where each character represents the binary presence or absence of homologous gene
families. One Bayesian analysis of homologous gene content family estimated Porifera as the
SOM (Pett et al. 2019), as did an alternative analysis combining gene content and
morphological traits (Juravel et al. 2023). However, gene content inferences rely on accurate
orthology inference, and therefore systematic biases in orthology inference will also impact
trees estimated from gene content data (Natsidis et al. 2021). Determining orthology of genes
within the Metazoa is difficult due to the deep evolutionary timescale and rapid radiation at the
root of the metazoan tree, with a previous study finding only 17-33% of loci in 5 published
metazoan datasets could resolve =23 metazoan clades (McCarthy et al. 2023). In addition,
morphological data also has the potential to bias inference of metazoan tree topology
(Neumann et al. 2021). Another approach is to assess conserved synteny across the
metazoan tree. Schultz et al. (2023) applied this approach and found support for Ctenophora
as the SOM, identifying 7 sets of genes where Ctenophora shared linkages with single cell
eukaryotes, and all other clades (Bilateria, Cnidaria, Placozoa, and Porifera) were united.
However, this approach also relies on accurate identification of orthologous genes and is

therefore also subject to systematic bias in orthology identification.

An alternate approach for evaluating deep relationships within protein sequences is to
incorporate structural protein information. Protein structure is more constrained and therefore
more conserved than genetic sequences, so comparing protein structures may reveal deep
evolutionary signals (lllergard et al. 2009). Information about protein structure has previously
been incorporated into evolutionary analyses (Lake et al. 1984; Thorne et al. 1996; Choi et al.
2007; Le and Gascuel 2010; Lai et al. 2020), but recent methods allow phylogenies to be
directly estimated from protein structures (Malik et al. 2020; Puente-Lelievre et al. 2024).
Alignments can be generated from protein structures, for example by calculating pairwise
structural comparisons resulting in a distance matrix with a set of distances between the central
carbon in each amino acid (Malik et al. 2020), or by encoding tertiary structures into character
states (Puente-Lelievre et al. 2024; van Kempen et al. 2024). A recent study of the ferritin-like
superfamily of proteins compared an AA alignment and a tertiary protein structure alignment,
and found that the tree best matching the hypothesised evolutionary history of this group was
obtained by combining the AA and structure alignments, plus applying custom substitution
models (Puente-Lelievre et al. 2024). The ease of estimating phylogenies from protein
structures is increasing due to the development of tools to construct structural alignments and
phylogenies (Pei et al. 2008; Cao et al. 2023; Malik etal. 2023; Moi et al. 2023; Puente-Lelievre
et al. 2024; van Kempen et al. 2024), and the existence of databases such as the Protein Data
Bank (Berman et al. 2003; wwPDB consortium 2019; Baskaran et al. 2024) and the AlphaFold
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Protein Structure Database (Jumper et al. 2021; Varadi et al. 2022) consisting of >200,000
and >360,000 protein structures respectively. Protein structure may be particularly useful in
the case of deep divergences where protein sequences are poorly conserved. For example,
two studies have applied structural phylogenetics to investigate the relationships within the
Ferritin-like superfamily (Lundin et al. 2012; Puente-Lelievre et al. 2024). Ferritin-like proteins
have low sequence similarity as proteins in this family have evolved diverse functions over a
deep evolutionary timescale, such that any phylogeny for this group of proteins must include
viruses, bacteria, and eukaryotes (Lundin et al. 2012). The evolutionary timescale of the
Metazoa is relatively short compared to the Ferritin-like superfamily but there is still substantial
discordance of phylogenetic signal, and structural phylogenetics may identify conserved
phylogenetic signal that other phylogenetic analyses (such as phylogenomic tree

reconstruction, CFs, or CTA) are unable to reconstruct.

Throughout this thesis, | have focused on the impact of non-treelikeness for maximum
likelihood (ML) and summary (also known as two-step or gene-tree/species-tree) methods.
Other phylogenetic methods include distance methods, parsimony, and Bayesian inference
(Kapli et al. 2020). Bayesian methods use statistical distributions to represent model
parameters and account for uncertainty during tree estimation (Yang and Rannala 2012;
Rannala et al. 2020). The output is a posterior distribution of trees with estimated probabilities,
which helps account for uncertainty around the true evolutionary history (Huelsenbeck et al.
2000). Bayesian methods are commonly used for tree inference in empirical phylogenetic
studies (Miya et al. 2005; McGuire et al. 2007; Zuriaga et al. 2009; Lavretsky et al. 2014;
Mitchell et al. 2014; Cannon et al. 2016; Laumer et al. 2018a, 2019a; Allio et al. 2020; Roycroft
et al. 2020; Hanova et al. 2021; Li et al. 2021; Strassert et al. 2021; Ballesteros et al. 2022;
Barley et al. 2022; Wolfe et al. 2023; H6hna and Hsiang 2024) and multiple software programs
have been developed to perform Bayesian inference including MrBayes (Ronquist et al. 2012),
BEAST (Bouckaert et al. 2019), StarBeast (Douglas et al. 2022), and PhyloBayes (Lartillot
2020a). Unfortunately Bayesian inference are very computationally intensive due to the high
number of parameters, which complicates phylogenetic inference of large genomic datasets
(Lartillot 2020a; Barido-Sottani et al. 2023). Notably, multi-tree mixture models such as those

used in Chapter Three are not yet implemented in a Bayesian framework.

Like most evolutionary models, Bayesian inference methods include underlying assumptions.
Previous studies have identified causes of systematic bias in Bayesian analyses including
missing data (Lemmon et al. 2009; Roure et al. 2013), model misspecification (Lemmon and
Moriarty 2004), and long branch attraction (Kolaczkowski and Thornton 2009). Unlike most ML

methods some Bayesian methods incorporate the multispecies coalescent (MSC) (Lartillot
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2020b; Rannala et al. 2020). The MSC is a stochastic model that tracks the genealogical
history of individuals sampled within a population backwards in time (Bryant and Hahn 2020).
Importantly, the MSC allows for different loci to have different evolutionary history and
therefore explicitly incorporates non-treelike evolutionary processes. | expect that Bayesian
methods incorporating the MSC would be more robust to non-treelike data, but further research
is necessary to determine the impact of treelikeness on these methods. | expect that the
majority of phylogenetic relationships would be similar regardless of tree inference method
(similar to the results in Chapter Two), but the resolution of nodes impacted by biological
processes such as ILS or recombination may change. This expectation is supported by a
previous study, which investigated the difference in three tree estimation methods (ML,
maximum parsimony, and Bayesian inference) by estimating a tree from each method for 157
empirical phylogenetic datasets (Torres et al. 2021). They found that the majority of nodes
were the same regardless of tree estimation method (>89%), and nodes that differed tended

to be relationships that were already considered contentious.

The aim of phylogenetics is to reconstruct the evolutionary history of species, populations or
sites in a genome. Advances in sequencing technologies have resulted in the availability of
enormous amounts of genomic data (Kapli et al. 2020). Despite the increase in dataset size,
tree inference is still complicated due to the complexity and heterogeneity of evolutionary
processes (Steenwyk et al. 2023). Although the treelikeness assumption is incorporated into
many phylogenetic methods, purely treelike evolution is rare due to biological processes such
as introgression and ILS. Therefore, considering heterogeneous signal is important when
conducting phylogenomic analyses. In this thesis | have explored different causes of
decreased treelikeness across the tree of life, and investigated different methods to quantify
and mitigate decreased treelikeness in phylogenetic datasets. | hope this thesis increases
awareness of the importance of the treelikeness assumption in phylogenetic methods, and
encourages researchers to assess the adequacy of the treelikeness assumption prior to tree

inference.
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