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Abstract

Structural variations, particularly chromosomal inversions, are a major source of genomic diversity,
yet their potential for phylogenetic reconstruction within pangenomes has not been fully established.
This study examines the phylogenetic signal in inversion presence and absence patterns under a
Dollo style evolutionary framework that assumes complex mutations arise once and are not regained.

We analyzed two plant pangenomes, radish (Raphanus sativus) and cotton (Gossypium spp.).
Large inversions were extracted from published resources and encoded as binary matrices. Using
these matrices, we reconstructed phylogenies with the neighbour-joining method and compared
them with published reference trees. The reference phylogeny for radish is based on sequence data,
whereas the cotton reference tree was inferred from a genome-wide catalogue of structural variants.
Tree similarity was assessed using three complementary measures: bipartition overlap, Maximum
Agreement Subtree size, and co-phenetic correlation.

The inversion-based trees did not fully reproduce the reference topologies, but they retained
consistent internal structure. MAST analyses revealed subsets of accessions whose relationships
were stable across trees, and co-phenetic correlations were clearly higher than expected under
randomization. Simulation results further showed that stability under noise depends strongly on
local structure. In particular, the preservation of sister pairs played a central role in maintaining
agreement as the perturbation level increased.

This work therefore contributes to a clearer understanding of what kinds of evolutionary infor-
mation can and cannot be recovered from inversion data alone. The results indicate that inversions
capture a meaningful, though incomplete, phylogenetic signal that is different from that provided
by sequence data. Rather than viewing these differences as shortcomings, they reflect distinct
evolutionary constraints acting on structural variation. Our analyses also show that split-based
measures perform poorly on sparse SV data, while MAST and co-phenetic correlation provide
more robust and interpretable assessments of tree similarity. Consequently, MAST and co-phenetic
correlation offer a practical way to evaluate phylogenetic signal in sparse SV data and to distinguish

evolutionary structure from technical noise.
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Résumé

Les variations structurales, en particulier les inversions chromosomiques, constituent une source
majeure de diversité génomique ; toutefois, leur potentiel pour la reconstruction phylogénétique
au sein des pangénomes n’a pas encore été pleinement établi. Cette étude examine le signal
phylogénétique contenu dans les patrons de présence et d’absence d’inversions dans un cadre
évolutif de type Dollo, qui suppose que les mutations complexes apparaissent une seule fois et ne
sont pas regagnées.

Nous avons analysé deux pangénomes végétaux, le radis (*Raphanus sativus*) et le coton
(*Gossypium* spp.). Les grandes inversions ont été extraites de ressources publiées et codées
sous forme de matrices binaires. A partir de ces matrices, nous avons reconstruit des phylogénies
a l'aide de la méthode du neighbour-joining et les avons comparées a des arbres de référence
publiés. La phylogénie de référence du radis repose sur des données de séquence, tandis que celle
du coton a été inférée a partir d’un catalogue génomique complet de variations structurales. La
similarité des arbres a été évaluée au moyen de trois mesures complémentaires : le chevauchement
des bipartitions, la taille du sous-arbre d’accord maximal (MAST) et la corrélation cophenétique.

Les arbres fondés sur les inversions ne reproduisent pas enticrement les topologies de référence,
mais ils conservent une structure interne cohérente. Les analyses MAST ont révélé des sous-
ensembles d’accessions dont les relations demeurent stables d’un arbre a I’ autre, et les corrélations
cophenétiques €taient nettement supérieures a celles attendues sous randomisation. Les résultats
des simulations montrent en outre que la stabilité face au bruit dépend fortement de la structure
locale. En particulier, la préservation des paires sceurs joue un role central dans le maintien de la
concordance lorsque le niveau de perturbation augmente.

Ce travail contribue ainsi a une meilleure compréhension des types d’information évolutive
qui peuvent — ou non — étre récupérés a partir des seules données d’inversions. Les résultats
indiquent que les inversions capturent un signal phylogénétique significatif, bien qu’incomplet,
distinct de celui fourni par les données de séquence. Plutdt que de considérer ces différences
comme des insuffisances, elles refletent des contraintes évolutives distinctes agissant sur la variation
structurale. Nos analyses montrent également que les mesures fondées sur les partitions (splits) sont

peu performantes sur des données de variations structurales clairsemées, tandis que le MAST et la
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corrélation cophenétique offrent des évaluations plus robustes et interprétables de la similarité entre
arbres. Par conséquent, le MAST et la corrélation cophenétique constituent une approche pratique
pour évaluer le signal phylogénétique dans des données de variations structurales clairsemées et

pour distinguer la structure évolutive du bruit technique.
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Chapter 1
Introduction

The research reported in this thesis evolved in two directions, the second one inspired by initial
results from the first. The goal at the outset was to see if among the several constituent genomes of
a pangenome, phylogenetic divergence at the level of structural variation mirrors that at the level of
sequence mutation — the pangenome of a species consisting of all the genomes of all the variants of
this species. This question is provoked by two competing tendencies. On the one hand, evolutionary
rate heterogenity among structural variants, due in part to their likely functional concomitants, in
contrast to the neutral mutations favoured by DNA sequence evolutionary protocols (like K or
4DTv), could distort inferred phylogenetic histories. Also structural variation among constituent
genomes could easily be shared in cross-breeding populations, e.g., by introgression, whether or
not they are the most closely related participants. These, or other departures from standard models
of DNA change, could lead to lack of congruence of the sequence-level tree and the tree reflecting
structural variation diversity. On the other hand, we know that at the higher level, that of distinct
species genera, familes and orders, phylogenetic trees based on structural variants such as inversions
or other rearrangements are often identical or similar to trees based on sequence divergence.

In investigating this question, we were also led to question whether the relatively short historical
time interval separating members of a pangenome would lead to a restricted pattern of evolutionary
change. For example, it might be that structural innovations might not have time to reverse
themselves within a short interval, suggestive of a Dollo’s law [1] regime, whereby the loss of a
complex structure cannot be recovered. Although this principle is usually formulated in the context
of organismal evolution, could phylogenetic inference in the pangenomic context be affected in
such a case?

To address this question, we obtained data on two plant pangenomes. We compared the
internal phylogeny based on structural variation with that based on sequence variation, the latter
being reported by the authors of the original pangenome publication. We made use of a number

of ways of comparing phylogenetic trees, while relying on a single well-known procedure for



tree construction, neighbour-joining, to ensure consistency among the test procedures. One of
the comparative measures is the maximum agreement subtree (MAST), which is an essentially
combinatorial criterion, relatively recently introduced. To tie this to more traditional concerns in
numerical taxonomy, we also make use of co-phenetic correlation [2]]. We controlled its results with
a more traditional, largely quantitative measure, the co-phenetic corrrelation coeflicient.

Importantly, while there is some degree of resemblance between the sequence-based trees and
the structural variation-based trees, there are many differences. This suggests that the sequence
evolution and structural variant evolution may be following a different rhythm.

This led to the second topic, a simulation-based exploration of the Dollo hypothesis and how
this is vulnerable to data that contain errors or other exceptions to this principle. In this chapter, we
systematically document how phylogenies reflective of Dollo are gradually distorted as exceptions
are allowed to proliferate.

In Chapter[5] we simulate pangenomic phylogenies satisfying Dollo’s law, and systematically in-
troduce errors to see how these affect the accuracy in the reconstruction of the original phylogenetic
tree.

This leads to a synthesis of the results of Chapters[3|and[5] The main contributions that emerge

from this thesis, are

* the disruption of phylogenetics congruence between sequence-based data and structural
variant data among the constituent genomes within a single pangenome, due to a variety of
factors tied to the the genomic similarity among these genomes — just a suggestion based on

only two pangenomes, and

* the pattern of degradation of phylogenetic relationships among genomes generated originally

by a Dollo process, as a function of the amount of noise or errors introduced in the data.



Chapter 2

Methods

2.1 Tree Inference

Building trees in biology has a long history, from the mid-eighteenth century classification by
Carl Linnaeus [7] of 10,0000 biological species in a hierarchical taxonomy. The evolutionary
interpretation of this concept, which we call “phylogeny”, was formulated by Charles Darwin
[8] a century later, who included a tree drawing, as well as the impetus for paleontological trees
tying branching patterns to geological strata. The taxonomy versus phylogeny (descriptive versus
explanatory) duality was clearly reflected after another century in Sokal and Sneath’s “phenetics” [9]
versus Farris’s “cladistics” [35] dispute preceding the modern statistical synthesis led by Felsenstein
[37]]. His use of likelihood methodology paved the way for today’s Bayesian methodology [38]. In
parallel to these developments in the 1960s and early 1970s, molecular phylogenies were initiated
by Zuckerkandl and Pauling [10] and Dayhoff [11], using protein, and Sankoff and Cedergren for
nucleic acids [[12, [13]].

Reconstructing the history of transmitted features in tree-like evolutionary systems also plays
a role in the reconstruction of language families and sound changes in historical linguistics, from
Swadesh’s tree models [17, [18] to Bayesian phylogenetic analyses of language diversification
[19} 20], textual criticism [21}, 22], cultural evolution [15} [16] and the archaeology of stone tools
and ceramic history [23} 24, 25, 26, 27/]].

Other subjects — bicycles [28], firearms [29] and aircraft [30] — have likewise been analyzed
as evolving lineages in which design constraints, incremental innovations and functional trade-
offs generate tree-like diversification patterns, as well as the reconstruction of musical-instrument
lineages and divergence histories [31} 32, 133]. The historical development of technical standards
— such as screw threads, railway gauges, electrical connectors, and communication protocols —
often exhibits tree-like divergence [34].

There are many approaches to phylogenetic inference, from statistical agglomerative cluster
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analysis like average link, single link and complete link [2]] to the more combinatorial, like parsimony
[35]], quartet-based, triplet-based and bipartition-based [36], and to the modern maximum likelihood
[37] and Bayesian approaches implemented in powerful software like Mr Bayes [38] and Beast
[39]. We will be working with relatively small data sets, so that for consistency, we apply a
single tree reconstruction method to generate phylogenies across different datasets. The neighbour-
joining (NJ) algorithm [40] was selected for its efficiency, scalability, and widespread use. This
method is a widely-used algorithm for building phylogenetic trees from a matrix of distances
among species or varieties. There being no recognized probabilistic models for rearrangement
phylogenetics, we do not explore maximum likelihood-based approaches, especially as neighbour-
joining is known to closely approximate maximum likelihood in most contexts [41]. In common with
other agglomerative methods it works by iteratively finding the pair of clusters whose connection
results in the smallest possible increase in total branch length. These pairs are then joined step-by-
step to produce unrooted trees designed to reflect the evolutionary relationships among the samples.
NJ can generate results quickly without a major loss in topological accuracy. This balance between
speed and reliability makes it a practical choice when we need to infer very many trees.

The matrices we will analyze are derived from tables of presence of absence of structural
variants across a number of species. These are converted into species X species comparisons
using Hamming distance applied to each table, and then to phylogenies using the NJ algorithm.
Hamming distance, which is an L1 measure, is used in sequence comparison, as the sum of a
position-by-position comparison is evolutionarily meaningful. A metric like Euclidean, on the
other hand, would suggest that between a sequence and its descendant there might be intermediate

objects which are not sequences.

2.2 Tree comparison

A graph-theoretical tree is a connected, acyclic graph. For our purposes, a phylogenetic tree is
a binary branching tree, i.e., where all vertices have degree 3 (called internal or ancestor nodes)
or degree 1 (called terminal vertices, leaves or tips), and where each of the n < oo tips has a
distinct label. This kind of tree (or phylogeny) is used to represent the evolutionary relationships
among different biological entities, be they genes, genomes, non-coding RNA, species, varieties,
populations or other. The labeled leaf nodes represent the observed objects and the internal nodes
denote ancestral objects. Positive numbers (branch lengths) may be associated with the edges
of the graph, and can be interpreted as various types of distances, such as genetic distance or
evolutionary time, thus providing a quantitative reference for the relationships among the studied
objects, although this does not play a major role in this study. Sometimes one of the nodes, or one

additional internal node of degree 2, called the root, is present and all the edges of the tree are



directed away from the root, symbolizing temporal progression from the ancestor to the present-day
biological objects. Phylogenetic trees are not only a core tool in evolutionary biology but are also
widely applied in areas such as crop improvement, pathogen tracking, and ecosystem studies, as
well as areas outside of biology, as listed in the previous section.

In the first part of this thesis, we focus on the comparison of two or more phylogenetic trees
on the same set of n labeled leaves. One tree is the “reference” trees extracted from the literature,
which has been constructed by genome-sequence comparison. The other tree we construct based
solely on structural variant data.

Trees reconstructed using different methods or data types may yield markedly different; trees
based on different gene segments may reveal conflicting signals [46]]; or in the analysis of eco-
logically associated groups such as hosts and their symbionts, it may be necessary to assess the
similarity of their phylogenetic structures. To quantify that, various tree structure-based compar-
ison methods have been introduced, such as co-phenetic correlation [2]], bipartition analysis [42],
the Robinson—Foulds distance [43]], the Maximum Agreement Subtree (MAST) [4], triplet distance
[44] and many others. Many of these methods can be computed in polynomial time and provide

numerical measures of differences between phylogenetic trees.

2.2.1 Approaches to comparison

In this study, we make use of three methods having different emphases in handling topological
variation: bipartition analysis [42], the Maximum Agreement Subtree (MAST) method [3]] and

co-phenetic correlation [2].

Bipartitions In the case of the binary branching trees that interest us, bipartition analysis operates
by repeatedly partitioning the n leaves in a phylogenetic tree into n — 3 bipartitions, by deleting
one of the n — 3 internal (non-terminal) edges from the tree. For each deletion, the n leaves in the
two disjoint subtrees thus formed are assigned to two non disjoint subsets containing two or more
leaves. The similarity between two trees is then quantified by counting the number of bipartitions
they have in common. This approach is computationally straightforward, but it is sensitive to even

minor topological rearrangements, as a single branch change can alter multiple bipartitions.

Co-phenetic Correlation It can be used to measure how accurately the pairwise distances be-
tween species in one tree match those in the other tree, acting as a goodness-of-fit metric. It
calculates the Pearson correlation between the path lengths in each tree, from each pair of leaves to

the node where they are joined.



Maximum Agreement Subtree MAST, identifies the largest set of leaves such that the subtree
defined by this set is topologically identical in both trees, providing a conservative measure of shared
phylogenetic signal. Compared with bipartition analysis, which emphasizes detailed branching
differences, MAST is less sensitive to minor changes in the overall structure.

Building on the definition in [3]], Finden and Gordon [4] extended the approach to what they
termed the largest common pruned tree, which generalized the MAST idea to hierarchical classifi-
cations and dendrograms, and introduced practical algorithms for identifying such subtrees. They
also explored related concepts such as truncation (focusing on low-level relationships), object cat-
egorization (identifying taxa consistently retained across maximum-size solutions), and regrafting
(reattaching pruned branches while preserving consensus structure). These developments strength-
ened the methodological toolkit for structural tree comparison and influenced later computational
implementations of MAST.

In [3] Gordon proved the MAST problem to be NP complete, meaning there is no known
polynomial time algorithm that solves it efficiently for all input sizes. However, in our case, restricted
to binary trees Aho et al.[80] found a polynomial time algorithm, which laid the groundwork for later
algorithmic implementations. Later, Steel and Warnow [J5] explored the mathematical properties
of computing MAST among multiple trees and studied the increased complexity beyond pairwise
comparisons.

The MAST framework is useful when handling incomplete or imperfect data, since it is based
only the subset of taxa whose relationships are identically preserved in both trees, thereby mini-
mizing the influence of unstable or spurious branches.

In recent years, several widely used software tools have implemented MAST algorithms, in-
cluding phangorn in R (used in this study), DendroPy in Python, and TreeCmp. These tools
have enabled efficient application of MAST to empirical datasets in various fields such as phylo-
genetic reconstruction, gene family evolution, and viral lineage analysis. In this study, MAST was
implemented using the phangorn package, which allowed us to detect subtrees with consistent
topologies across our NJ and reference trees, providing additional insights into the phylogenetic

signal of structural variants.



Algorithm 1 Maximum Agreement Subtree Size (Rooted Trees)

1:
2:

R N

10:
11:
12:
13:

procedure MAST(T1,T>)
L « leafLabels(T;) N leafLabels(73)
T| « restrictToLeaves(77, L)
T; « restrictToLeaves(73, L)
r1 « root(T7)
ry < root(T3)
for all u € postorder(77) do
for all v € postorder(77) do
DP[u,v] « ComputeDP(u, v, DP)
end for
end for
return DP[ry,r;]
end procedure

Algorithm 2 ComputeDP(u, v, DP)

1:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

2
3
4
5
6:
7
8
9

if u is leaf and v is leaf then
if label(«) = label(v) then
return 1
else
return 0
end if

. end if
. if u is leaf then

return max,yeleavesUnder(v) DPpP [u’ W]
end if
if v is leaf then

return maX,yeleavesUnder(u) DP [W, V]
end if
A « children(u)
B « children(v)
Construct weight matrix W of size |A| X |B|
fori=1to|A|do

for j = 1to |B| do

Wi, j] « DP[A;, Bj]

end for
end for
M — MAXWEIGHTBIPARTITEMATCHING(W)
return weight(M)




We finish this methdological chapter with a technical summary of the procedures to be applied
to the structural variant X accession matrices we derived from pangenome data.

For both datasets, phylogenetic trees were reconstructed using the neighbour-joining method.

Reference trees from the original publications were imported and compared with the neighbour-
joining trees reconstructed in this study. Bipartitions were extracted from reference trees and NJ
trees, and the number of shared bipartitions was counted to assess topological similarity.

This pipeline was applied consistently to both cotton and radish datasets, which enabled di-
rect comparison of phylogenetic stability and robustness across species. Before presenting the
results of these analyses, we first consider why structural variations, particularly inversions, are of
evolutionary and biological importance.

Let n denote the number of sampled accessions and m denote the number of structural variation

events. For each dataset, we constructed a binary character matrix

X = (xij) c {O, 1}n><m’

where x;; = 1 if inversion j is present in accession i, and x;; = 0 otherwise.

For the radish dataset, » = 11 and m = 141. For the cotton dataset, n = 11 and m = 81.
Rows correspond to accessions and columns correspond to distinct inversion events. Both matrices
are sparse, containing a high proportion of zero entries, reflecting the limited overlap of inversion

events across accessions.

Distance computation Phylogenetic reconstruction was based on Hamming distances. For any
pair of accessions i and k, the distance is defined as

m

dix = Z Ixij — xi;l.

j=1
This defines a metric on the binary vector space {0, 1}"* and measures the total number of

inversion state differences between two genomes.

Tree reconstruction Given the distance matrix D = (d;;), an unrooted tree T was reconstructed
using the neighbour joining algorithm, which iteratively joins taxa to minimize a balanced minimum

evolution criterion derived from pairwise distances.

Bipartition comparison For a tree 7 with leaf set £, each internal edge induces a bipartition of
L. Let B(T) denote the set of non-trivial bipartitions (internal splits) of 7', excluding splits that
separate a single leaf from the remaining taxa, since such splits are shared by all trees on the same

leaf set.



Topological similarity between two trees 77 and 7, was quantified as

|B(T1) N B(T)],

that is, the number of identical internal splits shared between the trees.

Maximum Agreement Subtree Because exact bipartition matching is sensitive to minor topo-
logical perturbations, we additionally employed the Maximum Agreement Subtree method as a
coarser but more robust measure of shared structure.
Given two trees 77 and 7, on leaf set £, the Maximum Agreement Subtree is defined as the
largest subset
ScL

such that the induced subtrees T} |s and T5|s are identical.
The statistic |S| was used to quantify the maximal shared topological structure between trees.

Noise simulation To assess robustness under increasing levels of artificial error, controlled noise

was introduced into the binary matrix. Let

Z=A(,j): xij =0}

denote the set of zero entries in X.

At each noise level k, k elements of Z were selected uniformly at random and converted to one,
simulating false positive inversion calls. A new tree was reconstructed from the perturbed matrix,
and MAST size relative to the original tree was recorded.

Noise levels increased in increments of 30 modified entries per replicate.

Bipartition Randomization Test To evaluate whether the bipartitions in our NJ trees reflect
phylogenetic structure rather than noise, we carried out a randomization test. For each dataset,
we generated 100 randomized matrices by shuffling the positions of ones within each row while
preserving row sums. We then reconstructed a neighbour-joining tree from each randomized matrix
and counted the number of bipartitions shared with the original tree.We then performed a bipartition
randomization test by shuffling the positions of ones within each row while preserving row sumes,
but not column wise frequencies, to generate one hundred randomized matrices. neighbour-joining
trees were reconstructed for each replicate, and the number of bipartitions shared with the original

tree was counted.



Chapter 3

Data

3.1 Pangenomes

One objective of this study is to investigate the phylogenetic relevance of structural variations, with
a particular emphasis on chromosomal inversions, focusing on the pangenome scale. We searched
for datasets containing a sufficient number of inversion events distributed across the genome,
where each inversion was identified by chromosomal breakpoints, allowing the construction of
presence/absence binary matrices based on inversion events. We also required the availability
of previously constructed reference phylogenetic trees, based on sequence data in radish and on
structural variation profiles in cotton.

Pangenomes have now been published for a wide range of flowering plants, with the majority

focused on agronomically important crops [45, 47, 48, 149]]. These include
* rice (Oryza sativa) [51,152}, 53],
* maize (Zea mays) [54],
e bread wheat (Triticum aestivum) [55,56]],
* soybean (Glycine max and its wild relative G. soja)[37, 58],
* tomato (Solanum lycopersicum) [39, 160, 61]],
* oilseed rape or canola (Brassica napus) [62],
* cabbage and relatives (B. oleracea) [50, 163, 164],
* the model plant thale cress (Arabidopsis thaliana) (63,166, 67],

e cucumber (Cucumis sativus) [68]],

10



« foxtail millet (Setaria viridis/S. italica) [69]],
* potato (Solanum tuberosum) [10],

e strawberry (Fragaria spp.) [71]],

* tea plant (Camellia sinensis) [[12, 73],

* pepper (Capsicum spp.) [74]],

* barley (Hordeum vulgare) [15],

* banana (Musa spp.) [76],

* radish (Raphanus sativus L.) [[18]]

* cotton (Gossypium spp.) [[19],

3.1.1 Radish and Cotton

Two crop species were identified as suitable sources for this study: radish (Raphanus sativus L.) [[78]]
and cotton (Gossypium spp.) [[/9], both of which provide publicly available pangenome resources.
These datasets encompass multiple subspecies, diverse geographical origins, and distinct evolu-
tionary stages, and include detailed and experimentally validated annotations of SVs, particularly
inversions. Both also provide pre-computed DNA sequence-based phylogenetic trees on one hand,
and summary SV statistics among accessions on the other hnd, making them especially suitable for
the goals of this study.

In the study by Zhang et al. (2021) [78], a pangenomic dataset was constructed for the genus
Raphanus by systematically sampling representative accessions from domesticated, wild, and weedy
types. Eleven genomes were de novo assembled using PacBio long-read sequencing with Canu
[84]], and three of them were further scaffolded with Hi-C using Juicer [85]]. The selected accessions
included seven domesticated varieties, such as cherry belle radish (R. sativus var. radicula), black
radish (R. sativus var. niger), and rat’s tail radish (R. sativus var. caudatus), alongside two wild
subspecies (R. raphanistrum ssp. landra and ssp. raphanistrum), one cultivated-wild hybrid, and
one invasive weedy type.

Comprehensive SV detection revealed a broad spectrum of events, including insertions, dele-
tions, duplications, inversions, and translocations. Between 20,000 and 30,000 medium-sized SVs
and thousands of large presence/absence variations (PAVs) were reported per genome. Inversions
were particularly abundant and varied widely among accessions: in some genomes, up to 134-193

inversions were identified, ranging from 2.7 Mb to 21.1 Mb in size, with 949 large inversions
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exceeding 50 kb. Wild accessions generally exhibited more numerous and larger inversions than
domesticated ones, indicating more active chromosomal rearrangements in wild populations. For
the purpose of this thesis, we utilized the inversion presence and absence information provided in
the supplementary tables of Zhang et al. (2021) and converted these entries directly into a binary
matrix for the eleven radish accessions to facilitate a phylogenetic analysis.

Similarly, the pangenome dataset for cotton described by Jin et al. (2023) [[79] includes sixteen
accessions spanning different evolutionary lineages, including Asian and American domesticated
cottons as well as multiple wild species. These represent various stages of domestication and agri-
cultural adaptation. Genome assemblies were generated using [llumina short-read sequencing with
SOAPdenovo [86]], 10X Genomics linked reads assembled by SuperNova [87], and chromosome-
scale scaffolding based on Hi-C data using HiC-Pro [88]]. The dataset provides detailed SV
annotations and genome-wide comparisons among accessions, making it an ideal reference for
investigating the phylogenetic informativeness of structural variations.

Inversions represented an important part of the structural variation catalogue in the cotton
dataset. On average, 349 inversions were identified per genome (ranging from 113 to 542), and
across all assemblies a non-redundant set of 2,236 inversions was obtained [79], ninety-eight of
which were larger than 1 Mb and extended up to 32.4 Mb. Large-scale inversions of this kind
are known to suppress recombination and may have significant evolutionary consequences. In
the present study, we focused on the large inversions that are summarized in the pan-inversion
map in Figure 1A of Jin et al. (2023). We manually digitized this figure and recorded, for each
megabase-scale inversion, whether it was present in each of the eleven accessions included in our
analysis. This procedure produced a binary presence and absence matrix of large inversions, which

forms the basis for tree reconstruction.

3.2 Biological significance of inversions and structural varia-

tions

The large number of inversions identified in both the radish and cotton datasets raises a central
question for this study: how do these events contribute to evolutionary patterns and to traits of
agronomic value. Structural variation refers to genomic changes larger than 50 bp, including
insertions, deletions, duplications, translocations, and inversions. Because such variants can alter
regulatory context or gene dosage, their effects on gene expression, chromatin organization, and
phenotype are often more extensive than those of single nucleotide polymorphisms.

An inversion arises when a chromosomal segment breaks, rotates, and rejoins in the opposite

orientation. Although the total amount of DNA remains unchanged, this rearrangement can modify
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regulatory relationships between genes and their control elements and can strongly affect local
recombination patterns. As a result, inversions may influence phenotypic traits and contribute to
longer term evolutionary dynamics.

In natural populations, recombination suppression within inverted regions can maintain combi-
nations of alleles that function well in specific environments. Such regions may behave as so called
supergenes, preserving adaptive haplotypes and, in some cases, contributing to partial reproductive
isolation. In crop species, the same mechanism can stabilize sets of loci that affect key agronomic
traits. Whereas a single nucleotide polymorphism typically affects one site, a structural variant can
span a much larger genomic interval, increasing its potential impact on gene regulation and trait
variation.

In Gossypium hirsutum, Jin et al. (2023)[79] reported several inversions associated with impor-
tant phenotypes. For example, one inversion on chromosome AQ7 shifts the positions of regulatory
elements, resulting in altered gene expression patterns that influence fiber length, yield, and flower-
ing time. This inversion appears to have been favored during domestication and remains of interest
for modern breeding programs.

In Raphanus sativus, Zhang et al. (2021)[/78]] observed that inversions are particularly frequent
in wild accessions and often occur in genomic regions characterized by restricted gene flow. Some
of these inversions show associations with root morphology, suggesting that they may influence
developmental programs and have contributed to radish diversification.

Inversions often occur in variable or non reference regions, and their breakpoints are difficult
to define when relying on a single reference genome. To address this limitation, both Jin et al.
(2023)[79] and Zhang et al. (2021)[78] adopted a pangenome framework that integrates assemblies
from multiple individuals and distinguishes core regions shared by all accessions from variable
regions present only in some. By enabling direct comparison across assemblies, the pangenome
approach captures genomic diversity that a single reference cannot represent and facilitates more
accurate identification of inversion boundaries. This framework was therefore essential for detecting
large numbers of inversions, comparing their distributions across samples, and relating specific
events to traits or lineage divergence.

Despite their biological relevance, inversions remain challenging to incorporate into phyloge-
netic reconstruction. Unlike nucleotide sequences, structural variants cannot be aligned and are
usually represented as binary presence or absence matrices. Such matrices often contain many
missing entries and detection inconsistencies, particularly in repetitive or low coverage regions.
Differences in event size and uncertainty in annotation further complicate distance estimation,

leading to unstable tree topologies and reduced comparability between inferred trees.
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Chapter 4

Results

4.1 Topological comparisons

4.1.1 Cotton Dataset

For the cotton dataset, inversion data were converted into a binary matrix in which rows correspond
to accessions and columns correspond to specific inversion events. A value of 1 indicates the
presence of a given inversion in an accession, and a value of 0 indicates its absence.
Allotetraploid cotton was selected as a case study because Jin et al. (2023)[79] provide high
quality genome assemblies and a published reference phylogeny for this group. In that study, a
neighbour-joining tree was constructed from the complete structural variation dataset for twelve
assemblies using the full SV genotype matrix rather than only large inversions (Figure S31).
In the present work, we reconstructed a neighbour-joining tree from the binary matrix of large
inversions and compared it with the published SV based reference tree. Figure 4.1| shows the NJ

tree reconstructed in this study, and Figure |4.2| shows the published reference tree.
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Figure 4.1: neighbour-joining tree constructed from the inversion matrix in this study.

—3-79

Pima90

Hai7124

Xinhai21

Tanguis

Figure 4.2: Reference tree published in Jin et al. (2023).

Although both trees were constructed using the neighbour-joining method, their topologies
differ in several aspects. It is important to note that inversion based phylogenies are not necessarily
expected to recapitulate the same signal as sequence based or genome wide reference phylogenies.
Inversion events can be shaped by functional constraints and selection, whereas reference trees
derived from large collections of variants or neutral sequence sites are intended to reflect broader
genealogical history. From this perspective, topological discrepancies are neither surprising nor a
criticism of the inversion based tree, but indicate that the two data types may capture complementary
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aspects of evolution. Table[4.I|summarizes key discrepancies, including the placement of Gd, Gm,

and Gt, and relationships involving Tanguis and ZMS24.

Table 4.1: Topological comparison between the NJ tree reconstructed in this study and the reference
tree reported in Jin et al. (2023).

Comparison This Study Reference Tree

Gd position Close to the upland cotton clade Separate lineage

Gm and Gt ordering Gt diverges before Gm Gm diverges before Gt

Tanguis position Groups with Hai7124 and Xinhai21 Diverges earlier

ZMS?24 relationship Closer to NDM8 Closer to XLZ7

Overall placement of Gd close to the upland cotton clade Gd forms an independent lineage
Gd, Gm, and Gt

Bipartition analysis showed that the NJ tree constructed from the inversion matrix contained
eight bipartitions, whereas the reference tree contained nine. Only two bipartitions were shared: one
grouping NDMS, XLZ7, and ZMS24, and another grouping 3-79 and Pima90. This limited overlap
indicates substantial topological divergence. Several factors likely contribute to this pattern. First,
the reference tree is based on the full structural variation catalogue, whereas the present analysis
uses only a manually digitized subset of large inversions and therefore captures only part of the
information in the original SV genotype matrix. Second, Jin et al. (2023)[79]] detected structural
variants using SyRI with stringent size and support thresholds, merged events across samples using
SURVIVOR, and genotyped them using the Giraffe mapping strategy. In contrast, the inversion
matrix used here was reconstructed from published figures without reproducing the original calling
and validation pipeline. Differences in variant detection, filtering, and representation are therefore
expected to introduce inconsistencies in inferred presence or absence patterns and to affect tree
topology.

A further difference lies in the size and composition of the datasets used to build the trees.
The large inversion matrix analyzed here is relatively small and sparse compared with the full SV
genotype matrix of Jin et al. (2023), and it excludes other classes of structural variation such as
insertions and deletions that contribute to overall genomic divergence. neighbour-joining trees
inferred from a limited number of binary characters can be sensitive to small changes in the
input matrix, so even a small number of misclassified or missing inversions may alter inferred
relationships. The reference SV based tree integrates signal from many more events distributed
across the genome and therefore reflects a broader structural variation history than the inversion

only tree, which focuses on a narrow subset of large rearrangements.
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4.2 Radish Dataset

To assess whether an inversion based tree captures meaningful phylogenetic structure in the radish
dataset, we compared the neighbour-joining tree reconstructed in this study with the reference
phylogeny reported by Zhang et al. (2021)[78]]. As for cotton, the NJ tree was inferred from a
binary matrix that recorded the presence or absence of inversions in each accession and was derived
from the inversion map in Figure 2B of the original study. In contrast, the published reference tree
for radish was constructed from sequence data and does not rely on structural variation. Zhang
et al. (2021)[/78]] inferred this phylogeny using a maximum likelihood approach based on fourfold

degenerate site transversions from 4,464 single copy orthologous genes.

—RS09

—RS08

RS03

—RS70

—RS06
RSO1

—RS07

—RS05

RS02

— RS04

—RSO00

Figure 4.3: Published phylogenetic tree reported by Zhang et al. (2021).
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Figure 4.4: neighbour-joining tree reconstructed from inversion data in this study.
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The main topological differences between the two trees are summarized in Table Most
discrepancies involved RSO0 to RS05, whereas RS06 to RS10 showed higher agreement.

Table 4.2: Topological differences between the NJ tree and the published reference tree for the
radish dataset.

Sample This Study Published Tree

RS00 Grouped with RS03 Grouped with RS04

RSO1 Grouped with RSO8 Grouped with RS06

RS02 Grouped with RS04, RS05, and RS07 Grouped with RS04

RS03 Grouped with RSO0 Grouped with RS10

RS04 Grouped with RS05, then RS07 Grouped with RS02, then RS05 and RS07
RS05 Grouped with RS04, then RS07 Grouped with RSO7

RS06 Grouped with RS10 Grouped with RS10

RS07 Grouped with RS05 Grouped with RS05

RS08 Grouped with RS09, then RS03 Grouped with RS09

RS09 Grouped with RS08, then RS03 Grouped with RS08

RS10 Grouped with RS06, then RS03 Grouped with RS06, then RS03

In the radish dataset, the NJ tree reconstructed in this study produced eight bipartitions, whereas
the published tree contained nine. Only one bipartition, grouping RS08 and RS09, was shared
between the two trees. This limited overlap indicates substantial topological divergence, which
likely reflects differences in both input data and tree construction strategies. As discussed above for
cotton, such discrepancies are not unexpected, because inversion based trees and sequence based
reference phylogenies are influenced by different evolutionary signals.

The inversion matrix used in this study recorded only the presence or absence of inversions
and did not incorporate inversion size, genomic position, or locus specific evolutionary relevance.
In the original study, Zhang et al. (2021)[78] reported that only two inversions showed a pattern
perfectly matching the phylogenetic tree, suggesting that inversion presence or absence alone may
provide insufficient resolution for accurate phylogenetic inference in this dataset.

Differences in genome assembly quality may also have contributed to the observed discrepan-
cies. For example, RSOI had a contig N50 of 1.89 Mb, the lowest among the accessions, which
may reduce the sensitivity and consistency of structural variant detection and lead to misleading
phylogenetic placements.

In contrast to the inversion based NJ tree, the published reference phylogeny was inferred using
a maximum likelihood approach applied to 4,464 single copy orthologs using fourfold degenerate
site transversions. Sequence based data of this type may provide stronger resolution of evolutionary

relationships, particularly among closely related accessions.
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4.2.1 Bipartition Randomization Test

To evaluate whether the bipartitions in our NJ trees reflect phylogenetic structure rather than noise,
we carried out a randomization test for both the radish and cotton datasets. For each dataset,
we generated 100 randomized matrices by shuffling the positions of ones within each row while
preserving row sums. We then reconstructed a neighbour-joining tree from each randomized matrix
and counted the number of bipartitions shared with the original tree.

In the radish dataset, the randomized trees shared on average only 0.09 bipartitions with the
original tree, with a maximum of one. This indicates that bipartition overlap under randomized
input is extremely limited. The cotton dataset produced slightly higher values, with a mean of
0.17 and a maximum of two shared bipartitions. Even so, overall overlap remained low. A small
number of splits, such as the grouping of 3-79 and Pima90, appeared repeatedly, suggesting that

these specific patterns may reflect genuine biological signal.

Table 4.3: Bipartitions shared between the original NJ tree and 100 randomized trees.
Dataset Mean SD Min Max
Radish  0.09 0.288 0 1
Cotton 0.17 0403 O 2

As summarized in Table[4.3] these results indicate that the bipartitions observed in the inversion
based trees are unlikely to arise purely as random artifacts. Although inversion based trees are
not expected to reproduce published reference topologies exactly, a small subset of internal splits
recurs across randomizations, suggesting that the inversion matrix contains non random structure
that is consistent with genuine evolutionary signal.

The comparison between datasets further supports this interpretation. The cotton dataset
produced a clearer signal in this test, with a standard deviation of 0.40, indicating that a subset of
randomized cotton trees recovered multiple bipartitions found in the original tree. In contrast, the
radish dataset yielded a weaker signal, with a standard deviation of 0.29, indicating that randomized
trees rarely approximated the original bipartition set.

Differences in sample quality likely contribute to this pattern. The cotton inversion matrix
contains fewer events, yet the corresponding signal appears more consistent. In contrast, assembly
quality varies substantially among radish accessions. For example, RSO1 has the lowest assembly
continuity, with a contig N50 of 1.89 Mb (Zhang et al., 2021, Supplementary Table 1). Such
fragmentation can reduce the accuracy and consistency of inversion detection and annotation.
When variant calls are incomplete or inconsistent, phylogenetic signal weakens and uncertainty
increases in sample placement within the inferred tree. Consistent with this interpretation, Zhang

et al. (2021)[/78]] reported that only a small fraction of inversion events were congruent with the
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expected phylogeny, suggesting that inversion presence or absence carries limited evolutionary
information in this dataset.

The randomization results nonetheless suggest that the inferred trees are not entirely random,
because some bipartitions recur more often than expected under permutation. At the same time,
the analysis highlights limitations of bipartition based comparisons for structural variation data.
Presence or absence matrices derived from inversions are often sparse and unevenly annotated and
can be highly sensitive to small perturbations in the input. Even minor topological differences can
therefore lead to complete bipartition mismatches despite broad similarity in overall structure.

Taken together, these issues indicate that bipartition overlap is poorly suited for evaluating tree
similarity in the context of structural variation. Methods that tolerate limited topological disagree-
ment provide a more appropriate alternative. The Maximum Agreement Subtree approach focuses
on the largest set of taxa that preserve consistent relationships across trees rather than requiring
exact split matching. Under conditions of noisy or incomplete structural variant annotation, MAST
provides a more stable assessment of phylogenetic structure and helps separate robust relationships

from those driven primarily by uncertainty.
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4.3 Bootstrap Analysis

To evaluate the robustness of the inversion based trees, we conducted a bootstrap analysis. For
each dataset, 10000 bootstrap matrices were generated by resampling the presence or absence
matrix with replacement, and a Neighbour-Joining tree was reconstructed for each replicate. The
Maximum Agreement Subtree method was then used to quantify the agreement between bootstrap
replicate trees and the published reference topology using MAST. The major goal is to see whether
the trees we inferred for each pangenome had a better MAST score than the levels suggested by the
bootstrap. First, we examine the extent of the MAST values for each pangenome.

The radish dataset showed high topological variability. MAST sizes ranged from 3 to 10, with
a mean of 6.04. On average, only about half of the taxa retained consistent relationships when
the input matrix was perturbed. This instability is consistent with challenges previously reported
for this dataset, including uneven genome assembly quality. For example, RSO1 has a contig
N50 of 1.89 Mb, which may limit accurate inversion detection and contribute to uncertainty in its
phylogenetic placement. Additional noise in structural variant annotation may further weaken the
phylogenetic signal.

The cotton dataset showed stronger topological consistency across bootstrap replicates. MAST
sizes ranged from 4 to 10, with a mean of 6.56. Although the number of taxa is the same, the
cotton trees varied less across resampled datasets. This increased stability may reflect higher
assembly quality, more reliable inversion annotations, or the effect of curation applied during
dataset construction.

Overall, the bootstrap results indicate some difference between the two datasets: inversion
based relationships are less stable in radish than in cotton. While neither dataset fully reproduces
the established reference topology, both contain subsets of relationships that are reproducible
under resampling. Considered alongside the bipartition and MAST comparisons reported above,
these results support the use of multiple complementary metrics to evaluate phylogenetic signal in
structural variation data.

Both pangenomes fell near the centre of the bootstrap distributions, suggesting that we cannot
conclude that the inferred tree was a better reflection of the data than could expected from the

distribution. As discussed above, however, we can derive some information from this analysis.

4.4 MAST and cophenentic correlation analyses of the cotton

and radish trees

The bipartition and bootstrap analyses above indicate that inversion based trees can capture
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reproducible phylogenetic patterns but remain sensitive to noise and annotation inconsistencies. To
quantify structural similarity between trees more directly and to identify relationships that persist
despite such variation, we applied the Maximum Agreement Subtree method. This approach
identifies the largest subset of taxa for which the topological relationships are identical between
two trees, providing a conservative measure of shared phylogenetic signal.

For each dataset, we compared the neighbour-joining tree reconstructed from the inversion
presence or absence matrix with the corresponding reference tree reported in the original study.
Comparisons were restricted to shared taxa, and only topology was evaluated, not branch lengths.
This analysis complements earlier bipartition counts and bootstrap summaries by emphasizing
relationships that remain topologically stable across trees derived from different data sources.

To clarify the computational procedure underlying this comparison, the following algorithm

summarizes the steps used to compute the observed MAST size.

Algorithm: MAST-based tree agreement

Input: Inversion-based tree T;,, and reference tree T} ¢

1. Identify the set L of taxa shared by T;,, and T} .

2. Restrict both trees to the shared taxa.

3. Compute the maximum agreement subtree between the restricted trees.

4. Record the number of taxa retained in the agreement subtree as the observed MAST

size.

Figure shows the agreement subtree for the radish dataset. The MAST retains seven
samples: RS01, RS02, RS03, RS04, RS08, RS09, and RS10, indicating that these accessions share
a consistent topology between the inversion based NJ tree and the published reference tree.

Notably, the clustering of RSO8 and RS09 is preserved in the MAST, consistent with their shared
bipartition and suggesting a relatively stable relationship between these two accessions. In addition,
the retained relationships involving RS03 and RS10 and the relationship between RS02 and RS04
indicate that some internal structure is reproducible across both trees. It is also notable that RSO1
is retained in the agreement subtree despite having the lowest assembly continuity, with a contig

N50 of 1.89 Mb, suggesting that its placement is not entirely driven by assembly fragmentation.
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Figure 4.5: Maximum agreement subtree for the radish dataset.
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Figure 4.6: Maximum agreement subtree highlighted in the radish NJ phylogeny.

24



Phylogenetic Tree (Paper)
RS09
I :Rsoa
RS03
l_ERsm
RS06
[r——RSso1
RS07
iRSGS
_RSGZ
{RS&#
RS00

Figure 4.7: Maximum agreement subtree highlighted in the radish reference tree

Figure 4.8 presents the MAST result for the cotton dataset. The agreement subtree retains seven
accessions: Gm, Gt, Hai7124, Xinhai21, XLZ7, Tanguis and ZMS24.
Key patterns include the stable clustering of Hai7124 with Xinhai21 and of XLZ7 with ZMS24.

The retention of Gm and Gt further indicates that their separation is consistent across both trees.
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Figure 4.8: Maximum agreement subtree for the cotton dataset.
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Figure 4.9: Maximum agreement subtree highlighted in the cotton NJ phylogeny.
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Figure 4.10: Maximum agreement subtree highlighted in the cotton reference tree.

To further assess overall structural similarity, we also calculated co-phenetic correlations be-
tween the NJ trees reconstructed in this study and the published reference trees. This measure
summarizes the degree to which pairwise distance patterns are preserved between two trees and
complements the MAST results by capturing similarity at a broader structural level. There are
n(n — 1)/2 non-diagonal entries in a matrix used for calculating the correlation between two vari-

ables with n matched observations. This holds true in comparing the matrix of two trees that are
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both produced by neighbour-joining. When one of the trees is an ultrametric, as in the reference
genomes for the pangenomes we study, there are only n — 1 different leaf-to leaf distances, so that
the correlation calculation will involve repeating each term in the ultrametric with several in the
neighbour-joining tree. This should not affect the orrelation, although it may impact its significane
level. The correlations were 0.68 for radish and 0.67 for cotton, indicating moderate agreement in

global distance structure even though several finer scale branching patterns differ.

Table 4.4: Co-phenetic correlations between NJ trees and reference trees.
Dataset Co-phenetic correlation
Radish 0.68
Cotton 0.67

We note that with both pangenomes the MAST trees both included seven genomes slightly more
than half the total of eleven genomes. We will return to this observation in Chapter [5.1]

4.5 Noise Simulation

To systematically evaluate the impact of noise on phylogenetic trees reconstructed from structural
variation data, we conducted a controlled noise simulation. Noise was introduced by randomly
converting a specified number of zeros to ones in the original binary presence or absence matrix,
thereby simulating false positive inversion calls. Noise levels were increased in steps of 30 converted
entries. At each noise level, we generated 10 replicate matrices, reconstructed neighbour-joining
trees, and compared each replicate tree with the original tree using the Maximum Agreement
Subtree method. This design provides a structured assessment of how increasing false positive
rates affect topological consistency and therefore informs the robustness of SV based phylogenetic
inference.

In the cotton dataset, the baseline MAST size was 11, indicating complete topological agreement
between the original and replicate trees. Converting 30 entries reduced the mean MAST size to
9.3. As noise increased, agreement continued to decline and then stabilized at approximately 6.0
once more than 420 zeros had been converted. This pattern suggests that the phylogenetic structure
inferred from cotton inversion data is initially robust but becomes increasingly sensitive to error as
noise accumulates. The plateau at higher noise levels further indicates that a subset of relationships

remains detectable even under substantial perturbation.
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Figure 4.11: Mean MAST size across noise levels in the cotton dataset.

In the radish dataset, the baseline MAST size was also 11. However, topological consistency
decreased more sharply after noise was introduced, with the mean MAST size dropping to 8.8 after
30 entries were converted. Further increases in noise led to a more gradual decline, with the mean

MAST size stabilizing around 6.0 after approximately 240 to 300 conversions.
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Figure 4.12: Mean MAST size across noise levels in the radish dataset.

Together, these results highlight differences in noise tolerance between datasets and underscore
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the importance of data quality for SV based phylogenetic reconstruction. The simulation pro-
vides empirical evidence for how phylogenetic signal degrades under artificial perturbation, while
also indicating that a subset of relationships persists across noise levels and therefore represents

comparatively robust signal.
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Chapter 5

Degrading Dollo

5.1 Simulation design

In the previous chapter, we saw that although the MAST values comparing the structural variation
tree and the reference tree was somewhat better than random, the difference was not great and
remained within the confidence interval determined by the resampling distribution of the variant
scores. As we have stressed, there are a number of explanations for this, one of which was a Dollo’s
law constraining reversed mutations. Without insisting on this versus the many other biology-
based explanations, we carried out a simulation experiment to see how departures from strict Dollo
evolution would degrade the topological structure of a phylogeny.

To better understand how changes in tip, or leaf, states influence phylogenetic structure, we
generated simulations based on the rtree routine for random binary branching trees. Inherent
in this tree is a specific distance matrix. For each of 100 replicates, we generated an rooted
phylogenetic tree with 32 tips. All tips and internal nodes were initially assigned the state 0. One
internal node was then randomly selected and assigned the state 1, which was propagated to all
descendant nodes. This procedure mimics the emergence of a signal in an ancestral lineage that
is inherited by all downstream taxa. This design follows a Dollo-style assumption: a state O at a
node is generally inherited by descendants, but if it is lost in node x it becomes a 1, as do all of the
descendants x, and cannot revert to the O state.

Because the selected node can occur anywhere within the tree, the proportion of tips labeled as
1 varied across replicates. In most cases, this proportion remained below 25%, which is expected
because most internal nodes in a randomly generated tree subtend relatively few descendants.

The following figures are examples with varying proportion of tips labelled 1:
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Figure 5.1: Example tree with 9.4% red tips (3 out of 32).

3:21.9% red tips (7 tips)
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Figure 5.2: Example tree with 21.9% red tips (7 out of 32).
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Figure 5.3: Example tree with 34.4% red tips (11 out of 32).
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Figure 5.4: Example tree with 50.0% red tips (16 out of 32).

To simulate increasing disturbance, we progressively flipped tip states from their original values.
For each integer from 1 to 32, we randomly selected that number of tips and reversed their states.
Each flipping level was repeated 15 times to reduce sampling variability. For each replicate, a
new neighbour-joining tree was reconstructed from the perturbed tip states, and its similarity to

the original tree was quantified using the Maximum Agreement Subtree method. We recorded the
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mean MAST size across the 15 repetitions as the representative value for that disturbance level.
This procedure was repeated for all 100 trees. Finally, each tree was assigned to one of twenty

groups based on the initial proportion of tips labeled as 1,
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Figure 5.5: Mean MAST size under increasing tip flipping, 20 groups.
Across all groups, MAST size initially decreased as more tips were flipped, indicating increasing

disagreement between the perturbed tree and the original (Figure[5.3). After reaching a minimum,

typically near half of the tips, MAST size increased again. When all tip states were reversed, the
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resulting binary pattern became the complement of the original, which can yield a reconstructed
tree that partially realigns with the original topology. This symmetry arises because Hamming
distance is invariant under global bit complementation, that is, d(x,y) = d(x,y). When all tip
states are flipped, pairwise distances remain unchanged, and the reconstructed topology therefore
realigns with the original tree.

Although the overall curve shape was similar across groups, sensitivity to perturbation differed.
The extreme groups showed smoother and more stable trajectories. In contrast, the intermediate
groups showed greater variability and stronger fluctuations, particularly at low and intermediate
flipping levels. This suggests that trees with a more balanced initial distribution of ones and zeros
may be more sensitive to small changes, whereas extreme distributions are more resilient under the
same disturbance. One explanation is that extreme state distributions provide less discriminating
information. When most tips share the same state, the signal becomes more redundant and local
perturbations have a smaller effect on overall tree structure, leading to smoother changes in MAST
size as noise increases.

In Chapter[d.4|we observed that MAST scores for the two pangenomes were slightly higher than
half the number of genomes. In Chapterd.5] we observed that the introduction of noise sufficient
to obscure the relationship between two trees resulted in MAST half the number of genomes. In
this chapter, we similarly observe the minimum MAST is half the total number of leaves of the
tree, athough there are three times the number of genomes in the simulated pangenomes as in the
empirically derived ones. This, however, cannot be taken as a generaal result since it is known that

in the limit, the smallest MAST score is about the square root of the number of genomes [89].

5.1.1 Co-phenetic correlation across twenty groups

We also analyzed how data perturbation affected co-phenetic correlation. For each simulated
dataset, we computed co-phenetic distance matrices for the original and perturbed neighbour-
joining trees and calculated the Pearson correlation between them. At each perturbation level,
values were averaged across 15 replicates.

Grouped by the initial proportion of ones, the resulting correlation curves showed a clear U
shaped pattern (Figure|5.6). Correlations decreased as noise increased and reached very low values,
and in some cases slightly negative values, at intermediate perturbation levels. When most tips
were flipped, correlations increased again. This response is consistent with the behavior observed
for MAST, with both metrics showing their greatest instability at intermediate perturbation levels.

The co-phenetic correlation curves varied more smoothly than those obtained from MAST.
Co-phenetic correlation aggregates information across all pairwise distances in the tree, whereas

MAST changes in a stepwise manner. Even small topological differences can remove entire clades
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from the agreement subtree, leading to abrupt changes in MAST size. As a result, MAST can react
strongly to minor perturbations, whereas co-phenetic correlation tends to change more gradually.

Despite these differences, both metrics capture the same overall pattern of topological stability.

Cophenetic correlation across 20 bins
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1.00
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g 000
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Figure 5.6: Mean co-phenetic correlation under increasing tip flipping, grouped into twenty bins
by the initial proportion of ones.

5.1.2 Local structural explanation: preserved sister pairs

The analysis across twenty groups revealed substantial variation in tree responses to tip perturbation.
It also suggests that factors beyond tip state proportions, such as the preservation of specific local
topological features, may explain differences in stability. To explore this possibility, we evaluated
several candidate factors, including state overlap, whether flipping occurred near terminal or internal
branches, and the size of original subtrees. One factor that proved particularly informative was the
preservation of sister pairs.

We first examined this relationship in the 40 to 45 percent group. Sister pairs refer to pairs
of tips that directly descend from the same internal node. We counted how many sister pairs in
the original tree remained intact in the reconstructed NJ tree after tip flipping. For each tree, we
treated the number of preserved sister pairs as a local structural stability index and examined its
association with MAST size. When k, the number of flipped tips, equaled 15, the correlation
coeflicient between mean MAST and mean preserved sister pairs across twenty trees reached 0.81.
This result indicates that, within this group, sister pair retention plays a major role in maintaining

overall tree structure.

35



We then extended the analysis to all twenty subgroups. For each subgroup and each flip level
from 1 to 32, we computed the correlation between mean MAST and the mean number of preserved
sister pairs. In many subgroups, particularly those with balanced state proportions between 40 and
60 percent, the correlation remained above 0.7. This pattern suggests that sister pair integrity is an
important determinant of robustness under perturbation.

In contrast, in extreme subgroups such as 0 to 5 percent and 95 to 100 percent, correlations
were weak. One explanation is that when tip states are nearly uniform, perturbations affect the tree
more evenly, and disruption of any single pair has limited impact on overall topology.

By contrast, trees in the intermediate proportion ranges tend to contain more locally informative
structure. Flipping a small number of critical sister pairs can disrupt symmetry and lead to sharp
drops in MAST. Whether key sister pairs were disrupted during flipping often explains differing
behaviors within the same subgroup. For example, in the 45 to 50 percent subgroup, some trees had
sister pairs concentrated within particular clades. When those pairs remained unchanged, MAST
curves were comparatively stable. In other trees, where flipping disrupted multiple key sister pairs,
MAST sizes declined rapidly.

Overall, these results indicate that sister pairs, as a local structural unit, provide a useful indicator
for understanding tree stability under disturbance. Their retention helps explain fluctuations in
MAST across trees and groups and provides a practical structural criterion for evaluating the

reliability of trees reconstructed from structural variation data.
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Figure 5.7: Correlation between preserved sister pairs and mean MAST across twenty subgroups.

37



Chapter 6
Conclusion

This thesis examined within-pangenome phylogeny based on structural variations. Using binary
presence or absence matrices of inversions from two datasets, radish and cotton, we reconstructed
neighbour-joining trees and compared them with published reference phylogenies using two com-
plementary measures: Maximum Agreement Subtree size and co-phenetic correlation.

Starting from published pangenome resources, we extracted inversion and other structural-
variation data from supplementary tables and figures and converted them into binary matrices. For
radish, we used inversion calls and presence information reported in the supplementary material of
Zhang et al [[7/9]], whereas for cotton we digitized the large inversions shown in the pan inversion
map of Jin et al [/8]. From these matrices, we reconstructed neighbour joining trees and compared
them with the reference trees reported in the original studies, which were based on sequence data.
This first set of analyses addressed the extent to which structural variant and inversion-based trees
resemble the corresponding reference phylogenies.

Across both species, our structural variant-based trees shared some reproducible internal struc-
ture with the reference trees, although agreement was far from complete. Maximum agreement
subtrees retained a subset of accessions whose relationships were stable across methods, and co-
phenetic correlations between our trees and reference trees were higher than values obtained under
matrix randomization. But only a small number of bipartitions were shared and several internal
relationships differed.

Alongside these empirical comparisons, we evaluated how best to measure agreement between
trees reconstructed from sparse presence or absence data. Bipartition overlap treats internal splits
as exact matches and can react strongly to small local changes in topology. In our setting, minor
rearrangements can reduce shared splits to zero even when overall structure remains similar. The
maximum agreement subtree provides a more stable alternative by identifying the largest subset
of taxa that preserves consistent relationships across trees and by effectively setting aside unstable

tips. Co-phenetic correlation provides a complementary view based on all pairwise tip distances
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and summarizes similarity in global clustering even when individual splits differ.

The simulation studies placed these observations into a broader context. We generated random
trees under a simple Dollo style scenario, assigned binary states along the tree, and then progres-
sively flipped tip states away from the original configuration. Across replicates, mean MAST size
followed a characteristic pattern: it declined as perturbations accumulated, reached a minimum
at intermediate noise levels, and then increased again when most tips had been reversed. This U
shaped response reflects the symmetry between the original and fully flipped configurations and
shows that substantial state changes do not necessarily remove all similarity between inferred trees.
Grouping simulated trees by the initial proportion of ones further showed that balanced starting
configurations tend to be more sensitive to perturbation than configurations in which most tips
share the same state.

Several limitations of this study should be acknowledged. Inversion and structural variant
information was extracted from published figures and tables rather than obtained by calling variants
directly from raw sequencing data. In cotton, we considered only large inversions and did not
include smaller rearrangements. In radish, inversion detection sensitivity likely varies among
accessions because assembly quality is uneven. We also focused on a single reconstruction strategy
based on Hamming distances and neighbour-joining. Alternative distance measures and model
based approaches for binary data may yield different topologies and could change the degree of
agreement with reference trees.

Despite these limitations, our work provides a systematic view of what structural variants can
reveal about relationships within pangenomes.

Future work could extend this study in two closely related directions. First, the same framework
could be applied some of the additional pangenome datasets listed in Chapter 3 to test whether the
patterns observed here also hold in other species.

Second, tree comparison could be refined beyond the use of maximum agreement subtree size
alone. While MAST provides a simple summary of shared topology, it reduces agreement to
a single value and does not capture how similarity may be distributed across multiple smaller

substructures.
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Appendix A

Radish Presence/Absence Matrix

The original table was arranged horizontally, but here it is transposed, displayed vertically for easier

formatting.

Table A.1: Radish presence/absence matrix transposed

RSO1 RS02 RS03 RS04 RS05 RS06 RS07 RS08 RS09 RS10 RS00

1 0 0 0 0 1 0 0 0 1 0 1
2 0 0 0 0 0 1 0 1 0 0 1
3 0 0 1 0 0 0 0 0 0 1 1
4 1 0 1 0 1 1 1 1 1 1 1
5 1 1 1 1 1 1 1 0 1 1 1
6 1 1 1 1 1 1 1 0 1 1 1
7 0 0 1 0 1 0 1 0 0 0 1
8 1 1 1 1 1 0 1 1 1 1 1
9 1 1 0 0 1 1 1 0 1 0 1
10 1 1 1 1 1 1 1 1 0 1 1
11 0 0 1 1 1 1 1 0 0 1 1
12 0 1 0 1 1 1 0 1 1 0 1
13 0 0 0 0 0 0 1 0 0 1 1
14 1 1 1 1 1 1 1 0 1 1 1
15 1 1 1 0 1 1 0 0 1 1 1
16 1 1 0 1 0 1 1 1 1 1 1
17 1 1 1 1 1 1 1 0 1 1 1

Continued on next page
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Table A.1: Radish presence/absence matrix transposed
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Table A.1: Radish presence/absence matrix transposed
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Table A.1: Radish presence/absence matrix transposed
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Table A.1: Radish presence/absence matrix transposed
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Appendix B

Cotton Presence/Absence Matrix

Table B.1: Cotton presence/absence matrix transposed

Hai7124 Pima90 3-79

Gm Gd XLZzZ7 ZMS24 NDMS8 Tanguis Xinhai2l

Gt

10

11

12
13
14
15
16
17
18
19

Continued on next page
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Table B.1: Cotton presence/absence matrix transposed
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Table B.1: Cotton presence/absence matrix transposed
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Code Availability

All scripts used for tree reconstruction, MAST comparison, permutation testing, and simulation
analyses are publicly available at:
https://github.com/xup6340-creator/inversion-phylogeny

The repository contains annotated R scripts sufficient to reproduce the analyses described in

this thesis.
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