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Reconstructing evolutionary relationships among populations or species (called a species tree)
is an important precursor of many biological studies, with applications in agriculture, medicine,
and conservation. A major obstacle to species tree reconstruction is that the evolutionary histo-
ries of species can vary across the genome due to incomplete lineage sorting, a biological process
modeled by the Multi-Species Coalescent. Many of the leading methods developed to date, for
example, the ASTRAL family of methods, reconstruct the species tree from gene trees (i.e., a tree
built from the related regions of the genomes across different species). ASTRAL address hetero-
geneity by evaluating evolutionary relationships on four species at a time, as these quartets have
favorable statistical properties under the Multi-Species Coalescent. Despite significant advances,
species tree reconstruction continues to be challenged by the complexity of evolutionary processes,
the hardness of related optimization problems, and the quality of data; thus, new algorithms are
needed. This dissertation presents advanced methods based on graph cuts, yielding improvements
in scalability, accuracy, and robustness.

First, I introduce TREE-QMC, a heuristic for the NP-hard Maximum Quartet Support Species

Tree problem. TREE-QMC is based on the divide-and-conquer approach proposed by Snir and



Rao (2010). My main contribution is showing how to build an object called the quartet graph
directly from gene trees, without explicitly enumerating all quartets. This result enables TREE-
QMC to be cubic time in the number of species, making it the first method to break the quartic
time barrier without down-sampling the input quartets since the divide-and-conquer framework
was proposed. Second, I introduce the notion of a normalized quartet graph and show how to
efficiently integrate normalization into graph construction. Together, these contributions enable
TREE-QMC to achieve greater accuracy and scalability than ASTRAL-III, the leading method at
the time, on data sets with large numbers of taxa (500-1000) and other challenging conditions.

Second, I reformulate the TREE-QMC algorithm to weight quartets based on gene tree branch
lengths and support values, as proposed by Zhang and Mirarab (2022). Although the weighting
scheme improves robustness of TREE-QMC to poor quality inputs (i.e., gene trees with missing
species and/or estimation error), it comes with a small increase in time complexity compared to
the unweighted algorithm. Fortunately, the increase in running time is small in practice, behaving
more like a constant factor. Moreover, weighted TREE-QMC is highly competitive with weighted
ASTRAL-IV, the leading method at the time, again producing more accurate species trees on data
sets with large numbers of taxa (500-1000) and other challenging conditions.

Third, I demonstrate the utility of TREE-QMC for evolutionary scenarios, like hybridization,
where the species history is a network rather than a tree. Recent research shows that reconstruct-
ing the tree-like aspects of a network, called the tree of blobs, is important for scalable network
reconstruction via divide-and-conquer. An obstacle here is that the leading method for tree of blob
reconstruction, TINNiK, does not scale to large numbers of species. To address this issue, I pro-
pose to build a tree with TREE-QMC and then contract edges in it based on statistical testing. This
approach enables greater scalability and accuracy than TINNiK, especially on data sets with high
amounts of incomplete lineage sorting.

Overall, the algorithms presented in this dissertation advance species trees and tree of blob

reconstruction and highlight avenues for future research.
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Chapter 1: Introduction

A central tenant of evolution is that all organisms on Earth trace their origins back to a common
ancestor. Going forward in time, the diversity of life observed today is the result of small and large
genomic changes inherited across generations, with the frequency of these genomic changes in
populations being shaped by mechanisms such as natural selection, genetic drift, and gene ow [34,
44]. Reconstructing the evolutionary relationships among populations or species (also called taxa)
is an important precursor of many biological studies, with applications in agriculture, medicine,
and conservation (e.g., studies of trait evolution [32]). Advances in sequencing technology over
the last decade have dramatically increased the quantity of information available to reconstruct
evolutionary relationships. However, there are still evolutionary relationships that are dif cult to
resolve (e.g., [38, 39, 58, 80, 117, 118, 121, 129, 130]). A major challenge to resolving these
relationships is that the evolutionary history can vary across the genome. In particular, a tree built
from the related regions of the genomes across different species (referred to as a gene tree) can
differ from the species or population tree due to biological processes [80] or errors arising during
gene tree estimation and earlier data processing steps [121]. One of the most promising approaches
for addressing gene tree heterogeneity due to biological processes involves evaluating evolutionary
relationships on four species at a time (called quartets); indeed, many of the leading methods,
most notably the ASTRAL family of methods [77, 158-160], are based on quartets. However,
even with the signi cant algorithmic and statistical advances over the last decade, there are still
challenges with accuracy and scalability. This dissertation investigates quartet-based methods. We

hypothesizehat quartet-based methods based on the divide-and-conquer framework of Snir and



Rao [124] can enable more accurate reconstruction of large species trees and networks than the
leading methods if challenges in scalability are overcome. In the remainder of this section, we
review key concepts from species phylogenetics and then present an overview of this dissertation

and its contributions.

1.1 Background

1.1.1 Gene trees vs. Species Trees

Although the concept of a species is dif cult to de ne, for the purposes of this disserta-
tion, a species can be viewed as a population with the property that individuals inherit genetic
material from those in the previous generation. Populations splitting are represented as branch-
ing events (also called speciation events) and populations mixing are represented by reticulation
events. Species trees include only branching events, whereas species networks also allow reticula-

tion events.

Figure 1.1: Gene trees evolve within a) species network and b) species treBach dot represents an
individual (chromosome) in the population, and each row of dots represents the population of individuals at
a speci ¢ generation in time (generations do not overlap). Lines indicate the transmission of a gene (e.g., a
DNA sequence) from parent to offspring; thus, the lines taken together form the genealogy of the gene, also
referred to as the gene tree.



In contrast, a gene tree describes the transmission of genetic material (i.e., a gene) from par-
ents to offspring. Gene trees evolve within species trees and networks, which govern the pool(s)
of potential ancestors, as shown in Fig. 1.1. In sub gure Fig. 1.1a, the gene tree evolvgeméth
ow because thél. m. rosinalineage can trace its ancestry back through two different ancestral
populations: one shared with. cydnoand the other shared with. m. melpomenen sub gure
Fig. 1.1b, the chimpanzee and human lineages do not coalesce (i.e., trace back to a common an-
cestor) in their most recent ancestral population, a phenomenon cedtedplete lineage sorting
(ILS); this allows the gene tree to disagree with the species tree. ILS is more likely to occur when
the species tree contains many short branches close together [28] (e.g., a rapid radiation of speci-
ation events, as occurred for modern birds [54]). Because organisms do not typically inherit their
entire genome from a single parent (consider sexually reproducing species), gene trees can vary
across the genome, a phenomenon cajlee tree discordance

These ideas were brought to the forefront of phylogenetics by Maddison's seminal paper “Gene
Trees in Species Trees” [68]. It is now well-established that both ILS and gene ow impact the

evolution of major groups, includinghales[139], bats[98], birds [54, 90], butter ies[27].

Models of Evolution. TheMulti-Species Coalescent (MSCjnodels the evolution of gene trees

within a species tree, allowing for ILS [22, 91, 112]. A similar model for species networks, called

the Network Multi-Species Coalescent (NMSCJ151, 152], allows for both ILS and gene ow.
Although these models generate gene trees, gene trees are not directly observed, rather the inherited
DNA sequences are observed in present-day (extant) individuals or fossil records. Thus, evolution
is modeled hierarchically. First, gene trees evolve within a species tree or network according to
the MSC or NMSC, respectively. Second, a molecular sequence evolves down each gene tree
(Fig. 1.2), producing molecular sequences for each of the species at the leaves. Models of molec-
ular sequence evolution typically allow single nucleotide substitutions, like the Generalized Time

Reversible (GTR) model [138], and sometimes small insertions and deletions [104].



Figure 1.2:Hierarchical models of evolution. First, gene trees evolve within species tree. Second, a DNA
sequence evolves down each gene tree, resulting in a DNA sequences for each gene tree. Human and non-
human primate images are from Pexels [93-97].

1.1.2 Phylogeny Estimation

Existing phylogenetic methods differ widely in terms of the types of input data they require,

the underlying biological models they assume, and the computational approaches they employ.

Traditional Phylogenetic Tree Estimation. Traditionally, phylogenetic methods were intro-
duced in the context of reconstructing an evolutionary tree from sequences or characters. One
of the earliest approaches, called Maximum Parsimony, seeks a tree that provides the simplest
explanation of the data; for example minimizing the total number of substitutions [29, 35]. Maxi-
mum Parsimony is NP-hard [37] and candiatistically inconsistentunder the standard models

of molecular sequence evolution (e.g, the GTR model) [30], meaning the optimal tree under the
maximum parsimony criterion will be different from the true (i.e. model) tree with high probability
given a suf ciently large amount of data. In contrast, statistical methods, such as maximum like-
lihood (ML) and Bayesian inference, estimate the phylogeny under models of molecular sequence
evolution. ML is typically consistent under the same model used for likelihood calculations with
some modest assumptions; however, ML is NP-hard [108]. As a result, popular ML methods, such

as RAxXML [132] and IQ-TREE [87], apply search heuristics. Lastly, distance methods, such as



Neighbor Joining (NJ) [113] and UPGMA [154], reconstruct an evolutionary tree based on pair-
wise distances computed between sequences (e.g., the expected number of substitutions). Although
most distance methods are fast, typically polynomial time, their accuracy is heavily dependent on
the quality of the distance matrix.

Of these three approaches, ML is the most popular. It is worth noting that ML regligesd
sequences as input, meaning they are organized into a matrix, catettiple sequence align-
ment (MSA), such that each row corresponds to a sequence and each column corresponds to a site
(i.e., nucleotides that evolved from a common ancestor). Along with the tree topology, ML meth-
ods estimatdranch lengths typically as the expected number of substitutions per site. Popular
software packages also implement various ways of estimatipgort for a branch, a complex

issue and active area of research [122].

Multi-locus Phylogenetic Tree Estimation. Traditional phylogenetic methods were designed

for data sets with molecular sequences from one or a few genes. Today, phylogenetic methods are
designed for data sets with many thousands of genes, referred to multi-locus data sets (Fig. 1.3). A
popular approach concatenates the aligned DNA sequences for each gene together and then applies
a traditional phylogenetic method (e.g., ML under the GTR model) to the supermatrix. This ap-
proach, referred to asoncatenation assumes all genes share the same evolutionary history. This
assumption is violated in many biological systems that evolved with ILS or gene ow. Moreover,
concatenation can be statistically inconsistent under the MSC [110].

The limitation of concatenation has led to the development of new methods that account for
gene tree heterogeneity (e.g., [18, 63, 66, 67]). This dissertation focuses on a particular class of
methods, calledummary methods which estimate species trees in a two-stage pipeline: rst, a
gene tree is estimated from the (aligned) DNA sequences for each gene, typically using ML, and
second, the species tree is estimated from the gene trees using a summary method that accounts

for gene tree heterogeneity, for example due to ILS.



Figure 1.3:Concatenation vs. summary methods.The multi-locus data sets includes aligned DNA se-
guences for six genegy(to gg). In the concatenation approach, they are combined into a supermatrix from
which a species tree is estimated. In the summary method approach, gengtiréegtt) are estimated
individually under a molecular sequence evolution model. These gene trees represent the evolutionary histo-
ries of individual regions of the genome (called loci), which may differ due to ILS. From the set of estimated
gene trees, species trees are inferred using summary methods. This two step pipeline reverses the hierarchi-
cal model of evolution, which combines gene and sequence evolutionary models.

1.1.3 Quartet-based Summary Methods

The ASTRAL family of methods [77, 78, 157, 158], perhaps the most popular summary meth-
ods developed to date, reconstruatrooted species tree from unrooted gene trees. Unrooting a
phylogenetic tree (i.e., removing the directionality of edges) preserves evolutionary relationships
but loses ancestor / descendant information (Fig. 1.4a—b). Unrooted phylogenetic trees with four
leaves, calledjuartets, can display one of three possible evolutionary relationships among species
(Fig. 1.4c). If there are more than four species, the unrooted tree can be decomposed into the set
of quartets it displays (Fig. 1.4d). Broadly speaking, quartet-based summary methods reconstruct
species trees from the quartets displayed by the input gene trees.

ASTRAL, in particular, is a heuristic for thdaximum Quartet Support Species Tree (MQSST)



Figure 1.4:Quartets. a) A rooted phylogenetic tree on species 5aiB;C; D; Eg. b) An unrooted version

of the tree from sub gure (a).c) Quartets (unrooted trees with four species) have one of three possible
topologies. The three quartets on specied 8eB;C; Eg are denoted\; BjC;E, A;CjB;E, A;EjB;C going

from left to right. The middle quartet (highlighted in red) is displayed by the unrooted tree in sub gure
(b); the other two quartets are nat) The complete set off{ = 5 quartets displayed the unrooted tree in
sub gure (b).

problem [77], which can be framed as weighting quartets (four-leaf trees) by their frequencies in
input gene trees and then looking for a species Tréfgat maximizes the total weight of the quar-
tets displayed byr. The optimal solution to MQSST is a statistically consistent estimator of the
(unrooted) species tree under the MSC model [78]; however, MQSST is NP-hard [62].

A variety of heuristics have been developed for MQSST [6, 77, 103, 124, 156]. ASTRAL
executes an exact (dynamic programming) algorithm for MQSST within a constrained version of
the solution space constructed from the input gene trees [77]. The third version of ASTRAL (called
ASTRAL-III) has a time complexity 0O((nk)172%x), wheren is the number of species (also called

taxa),kis the number of gene trees axd O(nKk) is the size of the constrained solution space [157].

Because depends on the amount of gene tree heterogeneity, a recent FASTRAL method [23] runs



ASTRAL-III in an aggressively constrained solution space to speed up species tree estimation. The
latest version of ASTRAL, called ASTRAL-IV or ASTER [156], seeks to improve ef ciency by
introducing new techniques based on dynamic programming and phylogenetic placement, which
seeks to add a single species to a tree, typically in an optimal fashion.

Perhaps the rst widely used quartet-based method@uzartet Max Cut (QMC) , developed
by Snir and Rao [7, 124, 125]. QMC is based on a top-down, divide-and-conquer framework.
Each step in the divide phase determines a non-terminal branch in the output species tree. A
branch, de ned by the two subsets of taxa it separates, is found by (1) building a graph from the
quartets displayed by the input gene trees, referred to aguidueet graph, and then (2) seeking
an optimal cut under the objective function. The algorithm continues by recursion on each subset
of taxa, terminating when there are three or fewer taxa, as there is only one possible tree that
can be returned. These trees are joined together during the conquer phase. Quartet Fiduccia and
Mattheyses (QFM) [69, 103] employs the same divide-and-conquer framework as QMC but applies
a different technique for graph partitioning.

Importantly, QMC and QFM take quartets as input, so running them as summary methods
requires quartets to be extracted from the gene trees. This preprocessing step has a time complexity
W(n*k), limiting scalability. On the other hand, a bene t of the QMC framework compared to
ASTRAL-III is that the branches appearing in the output species tree are not restricted to those
from the constraint set, which may be dif cult to construct with high accuracy when gene trees
are missing species, for example [78, 86]. Moreover, Mahbub et al. [69] found QFM to be more
accurate than ASTRAL-III under challenging model conditions characterized by high levels of
ILS as well as gene tree estimation error. This nding is central to our hypottesithe QMC
framework of Snir and Rao [124] can enable more accurate reconstruction of large species trees

and networks than the leading methods if challenges in scalability are overcome.



1.1.4 Gene Tree Estimation Error and Other Practical Challenges

A major selling point of summary methods is that many are statistically consistent under the
MSC, unlike concatenation. However, most proofs of consistency typically assume that the input
gene trees are complete (i.e., not missing taxa) and error-free [111]. These conditions are unlikely
to hold in practice [81, 129].

Three well-known issues that impact gene tree quality are estimation error, homology error,
and incompletenesgGene tree estimation error (GTEE) refers to inaccuracies arising during
phylogeny estimation, for example due to model misspeci cation or low phylogenetic sidoal.
mology errors refer to mistakes in determining evolutionary relatedness [121, 130], for example
the inclusion of unrelated sequences or errors in aligning DNA sequelncesnpletenesgefers
to gene trees missing one or more species, typically due to data processing issues (although this
can also occur because of gene loss). In simulations, summary methods typically decrease in ac-
curacy as GTEE or incompleteness increases [78, 81, 88, 147]. Moreover, a growing number of
systematic studies show that homology errors at the site or sequence level can impact species tree
estimates produced by different summary methods [121, 130].

The dominant approach to combating poor quality gene trees is gene tree ltering, in which
entire gene trees are removed from the data set, typically based on some threshold for the propor-
tion of missing taxa [21, 51] and/or proxies for GTEE [120]. However, simulation studies have
suggested that Itering can reduce the accuracy of summary methods and that only gene trees with
very high GTEE should be completely removed [81]. This nding motivates the use of less ag-
gressive approaches, for example, contracting very low support branches in gene trees [119, 157]
and/or removing speci c taxa from individual gene trees. Taxa are typically removed based on the
fraction of gaps in the MSA of the gene (referred to as fragmentary missing data by [115] and [89])
or based on (long) outlier branch lengths in the gene tree [70, 89]. Critically, these approaches re-

quire substantial effort and decision-making on the part of researchers, who must choose how to



Figure 1.5:Tree of blobs of a network. a)Example of a level-1 species network. Four maximal bridgeless
subgraphs, called “blobs”, are highlighted in different colors (note that all other blobs in the network do not
contain any edges)) Tree of blobs for network shown in sub gure (a) built by contracting all edges in
each blob into a single vertex.
quantify error, as well as select thresholds for Itering gene trees, contracting branches, and/or re-
moving individual taxa. Often a range of parameter settings is explored, leading to many different
estimates of the species tree (e.g., [51]).

To improve robustness to GTEE, Zhang and Mirarab [156] recently proposed to leverage gene
tree branch lengths and support values to weight quartets within the popular summary method
ASTRAL. However, these quartet weighting schemes make it challenging to design ef cient al-

gorithms, ultimately motivating the authors to development new search heuristics, speci cally

ASTRAL-IV discussed in Section 1.1.3.

1.1.5 Species Networks and Trees of Blobs

Similar concepts and challenges arise in species network reconstruction. One of the most pop-
ular methods, called SNaQ, takes gene trees as input and then reconstructs a species network under
the NMSC via maximum pseudo-likelihood [126]. Like many phylogenetic network methods, the
output of SNaQ belongs to a restricted class of networks, referred to as level-1 networks, with the
property that no vertex belongs to more than one cycle, after undirecting the edges of the network.

Despite these limits on network complexity, SNaQ can only run on a small number of species
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(around 30 [59]). There are two main challenges to scalability: rst, heuristic search of network
space, which is even larger than the tree space, and second, SNaQ's pseudo-likelihood function is
computed over all quartets and thus is computationally intensive, although it is still more ef cient

to compute than the complete likelihood function [153]. Regardless, statistical methods are often
favored over faster methods (e.g., distance-based methods [15] or split-based methods [25]) when
gene trees can differ from each other for reasons other than gene ow (e.g., ILS and GTEE). To ad-
dress scalability, Kolbovet al. [59] recently presented InPhyNet, a divide-and-conquer algorithm

for reconstructing level-1 species networks, similar to the TreeMerge approach [82, 83] for divide-
and-conquer species trees. Central to InPhyNet's approach is the decomposition of the species set
into smaller subsets on which SNaQ can be run. Sampling species accordingreetbEblobs

which represents the tree-like parts of a network [43], enables InPhyNet to be statistically consis-
tent for level-1 networks. Unfortunately, trees of blobs, like the species networks, are challenging
to reconstruct.

To our knowledge, the only method for reconstructing a tree of blobs under the NMSC is
TINNIK [4]. TINNIK is statistically consistent and operates in two phases: rst, hypothesis tests
are applied to subsets of four species, and second, the results are used to reconstruct the tree
of blobs using a distance-based approach. The rst phase of TINNiK's algorithm appears to be
W(n*Kk) time, and the second phase appears ta\be”) time. Critically, TINNiK cannot scale
to large numbers of taxa, requiring Kolbow et al. [59] to apply an alternative approach to subset
decomposition that does not require a tree of blobs on the complete species set when implementing
InPhyNet. Itis also worth noting that an approach similar to TINNiK can be used for reconstructing
species networks [2]. Overall, accurate and scalable network reconstruction remains a major open

challenge in phylogenetics.
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1.1.6 Phylogenetic Method Evaluation

Simulations are the gold standard for phylogenetic method evaluation. The idea is to simulate
data under a model of evolution so that the true tree is known and can be compared to trees esti-
mated from the simulated data. Benchmarking studies often focus on branch error [77, 78, 81, 88]
(recall that branches in unrooted trees are de ned by the two subsets of taxa they separate, called a
bipartition ). Branches in the true tree that are missing from the estimated tree are false negatives,
whereas branches in the estimated tree that are missing from the true tree are false positives. The
sum of these false positives and false negatives gives the Robinson-Foulds distance between two
trees [107]. Often, these branch error metrics are normalized so that O represents no error (i.e., all
branches are reconstructed correctly) and 1 indicates all error (i.e., no branches are reconstructed

correctly). Evaluating differences between two phylogenetic networks is more complicated.

1.2 Overview of Dissertation

This dissertation is motivated by (1) the need for species tree and network methods that are both
accurate and scalable and (2) our hypoth#ss the QMC framework of [124] can enable more
accurate reconstruction of large species trees and networks than the leading methods if challenges
in scalability are overcome. The remainder of the dissertation is organized as follows (Fig. 1.6).

In Chapter 2, we present two algorithmic advancements to the QMC framework. First, we
present an algorithm to build the quartet graph directly from gene trees without extracting all
W(n*K) quartets, where is the number of species akds the number of gene trees. Second, we
introduce the notion of a normalized quartet graph and show how to ef ciently integrate normaliza-
tion into the graph construction algorithm. Together, these contributions form the basis of a new
summary method, calleBREE-QMC , which has time complexitp(n3k), with some assump-

tions on subproblem decomposition. In an evaluation study, normalization improved accuracy and
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direct graph construction improved scalability, enabling TREE-QMC to outperform ASTRAL-III,

the leading method at the time, on data sets with large numbers of taxa (500—-1009) and other

challenging conditions.

Figure 1.6:0verview of the dissertation and its contributions.

In Chapter 3, we further improve upon the QMC framework and the TREE-QMC method.
First, we show that gene tree incompleteness complicates quartet graph normalization and provide
an ef cient algorithm to address this issue. Second, we introduce a new algorithm to compute the
guartet graph directly from gene trees, while weighting quartets based on gene tree branch lengths

and support values, as proposed by Zhang and Mirarab [156]. Perhaps surprisingly, the algorithm
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