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Abstract 

 
High-grade serous ovarian cancer (HGSOC) is the most common and lethal type of 

ovarian cancer. HGSOC accounts for 70-80% of deaths from all forms of ovarian cancer, 

roughly 98000-110000 deaths worldwide each year according to WHO estimates. It is 

characterized by ubiquitous mutations in the tumour suppressor gene TP53. Roughly 

half of HGSOC tumours also have mutations in genes involved in the homologous 

recombination repair pathway, primarily BRCA1 and BRCA2, leading to homologous 

recombination deficiency (HRD). Cancers with HRD must rely on alternative DNA repair 

pathways to repair breaks in their DNA. The PARP protein is key to the base excision 

repair/single-strand break repair pathway, and recent HGSOC drugs inhibit the PARP 

protein to make HRD tumours unable to efficiently repair genomic breaks and leading to 

apoptosis. However, these cancers often gain resistance to PARP inhibitors by regaining 

the ability to use the homologous recombination DNA repair pathways, which renders 

PARP inhibitors ineffective. On average only 45% of patients diagnosed with HGSOC 

survive for more than 5 years after diagnosis. HGSOC is highly genomically rearranged 

and contains hundreds to thousands of structural variants, though their impacts on 

tumour function and evolution are poorly understood. Structural variants usually 

accumulate over many cell cycles, but it has recently become clear that large numbers 

can be acquired in a single cell cycle in complex patterns called complex structural 

variants (cSV). It is known that cSVs are catastrophic genomic events that can generate 

hundreds of structural changes across the genome, and at least some cSV types have 

been reported in HGSOC. The changes induced by cSVs can increase or decrease the 

copy number of genes, change their genomic location and orientation, or disrupt the 

gene entirely. The increased use of whole genome sequencing in large cancer cohorts 

has allowed an increasing number of cSV types to be identified. However, investigations 

into cSVs often focus on a single cSV type, frequently using differing computational 

criteria for the identification of cSVs. This means that the relationships between cSVs 

remains understudied, and interpretability of the impacts of cSVs between studies is 

challenging. 
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In this work, eight cSV types were identified across the 324 whole-genome-sequenced 

HGSOC samples using previously published criteria: chromothripsis, chromoplexy, 

breakage fusion bridges, ecDNA, pyrgo, rigma, tymphonas and seismic amplification. The 

prevalence, distribution, and impact on survival of each cSV type was assessed, and their 

relationships with other genomic features, such as HRD and whole genome duplication 

(WGD) were investigated. By studying eight cSV types together across a uniformly 

processed well annotated cohort, many novel insights into HGSOC structural evolution 

were gained. I have shown that there are two main routes to genomic diversity in the 

HGSOC cohort. One of these routes involves HRD while the other route involves WGD 

and cSVs, and it appears that WGD can buffer the deleterious effects of cSV. I also found 

that the presence of cSVs was not associated with significant variation in survival rates, 

but there was a trend that patients with tumours containing more severe cSV events 

had better survival rates compared to those with less severe events of the same type. 

This was observed for chromothripsis, a particularly disruptive cSV often described as 

‘chromosome shattering’. My results also revealed a novel hotspot for multiple cSV 

types on chromosome 19 which covers the known HGSOC oncogene CCNE1, which 

confers worse survival on patients when amplified. I have shown that the amplification 

of CCNE1 by breakage fusion bridges results in higher copy numbers than by simple 

amplification. Overall, this thesis investigates the prevalence, co-occurrence, 

distribution, and impact of multiple cSV types on survival in HGSOC and provides novel 

insights into the genomic diversity of HGSOC. 
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Lay Summary 

 
The rapid generation of multiple large changes within a cancer cell’s DNA are called 

complex structural variants (cSV). These changes can result in genes changing in 

number, location, orientation or even becoming non-functional. Whole genome 

sequencing allows for all the DNA in the cell to be investigated. As larger cohorts of 

cancer samples have been whole genome sequenced, an increasing number of different 

cSV patterns have been identified. However, the investigation of cSV is often limited to a 

single pattern of cSV. 

 
By utilising the largest cohort of whole genome sequenced high grade serous ovarian 

cancer and identifying eight previously published patterns of cSV. The breadth of cSV 

patterns identified found that there were two main ways these changes occurred: some 

samples had defects in DNA repair, while others had duplicated their entire genome 

before experiencing cSV. Interestingly, while cSV did not generally affect patient survival 

rates, the more severe cases of cSV tended to be associated with better survival. 
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“He spent a year in silence just to better understand the sound of a 
whisper.” 

- Chaucer (A Knight’s Tale) 
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Chapter 1: Introduction 

 

Cancer is commonly referred to as a genetic disease that occurs due to the accumulation 

of mutations over numerous cell cycles (Hanahan and Weinberg 2000). These mutations 

cause healthy cells to slowly transform into cancerous ones through point mutations 

and structural rearrangements (Hanahan and Weinberg 2000). Recently, bursts of 

mutations occurring within a single cell cycle and generating hundreds to thousands of 

mutations have been reported and classified as complex structural variant types which 

offer an intriguing and understudied new area of cancer genomics (Baca et al. 2013; 

Stephens et al. 2011). 

 
Chromosomal rearrangements were first linked to inherited diseases in 1960 based 

upon cytogenetic chromosome fixing and staining (Moorhead et al. 1960; Durmaz et al. 

2015). Since then, array based techniques have enabled sections of the genome to be 

looked at in greater detail allowing new investigations of cancer genetics. Although 

arrays continue to play an important role in certain investigations of parts of the 

genome, these methods are inappropriate for the study of large genome 

rearrangements, where whole genome sequencing (WGS) based methods have become 

dominant (Rezaee et al. 2022; Hoheisel 2006; Gresham, Dunham, and Botstein 2008; 

Kinsella and Bafna 2012). The Human Genome Project published the first draft human 

genome reference sequence in 2001 (Lander et al. 2001). Advances in molecular 

techniques and high throughput sequencing technology have progressively reduced the 

cost of WGS for an individual, from a hundred million dollars in 2001 to less than a 

thousand dollars (Church and Gilbert 1984; Metzker 2009; Schwarze et al. 2018; Singh 

2018). 

 
With the decreasing cost barriers to WGS, this more comprehensive source of 

information was used to investigate disease genetics, ranging from rare undiagnosed 

diseases to cancer (Mittelman and Wilson 2013; Souche et al. 2022). Studies in cancer 

genetics using WGS have included the study of immortalised cell lines derived from 
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patients’ cancer cells, primary samples taken from patients with a single tumour type 

and pan-cancer cohorts of thousands of patients with different tumour types (Weinstein 

et al. 2013; The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium 

(organisiation/Ins et al. 2020; 100,000 Genomes Project Pilot Investigators et al. 2021). 

These studies have allowed changes in tumour genomes to be directly observed and 

classified into three main types: single nucleotide variants (SNVs) such as indels and 

point mutations, structural variants (SVs) and copy number variants (CNVs). 

 
SNVs refer to alterations of one base pair that can significantly affect the survival rates 

in numerous cancer types, especially when they occur within coding exons of specific 

genes. This area of research is highly active and extensively studied, providing valuable 

insights into cancer biology. (Goh, Yao, and Smith 1995; Hart et al. 2015; He et al. 2014). 

SVs and CNVs are relatively understudied in comparison to SNVs, particularly in terms of 

their functional impact on genes (Mahmoud et al. 2019). Encompassing at least 50 bp, 

an SV can describe changes in the orientation, location or DNA content of parts of a 

chromosome (Mahmoud et al. 2019). These alterations can affect gene structures, 

resulting in disruptions of genes in various tumour types (Mahmoud et al. 

2019). CNVs are large gains and losses of DNA, often spanning many megabases of 

sequence, and have been shown to impact cancer progression and response to 

treatment (Steele et al. 2022). Patterns of SVs and CNVs occurring together more often 

than would be expected by chance have been identified as complex structural variants 

(cSVs) and appear to have important roles in tumour biology (Mahmoud et al. 2019). 

 
Complutational models of complex structural variants suggest mutational mechanisms 

where tens to thousands of structural variants occur simultaneously within a single cell 

cycle, in a sudden rather than progressive acquisition of genomic changes (Cortés-

Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). The occurrence, underlying mechanism 

and impact of cSVs are understudied. But they may play particularly important roles in 

highly rearranged tumour types such as high grade serous ovarian cancer (HGSOC) 

(Mittelman and Wilson 2013) (The ICGC/TCGA Pan- Cancer Analysis of Whole Genomes 

Consortium (organisiation/Ins et al. 2020). 

The main objective of this thesis is to determine the roles of cSVs in a HGSOC. To achieve 
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this, the latest analysis approaches will be used to examine the occurrence, patterns, 

and functional impacts of these cSVs. The research will utilize the largest uniformly 

processed WGS HGSOC dataset to investigate the cSVs thoroughly. 

 
High Grade Serous Ovarian Cancer 

 

HGSOC accounts for 70-80% of deaths from all forms of ovarian cancer, roughly 98000- 

110000 deaths each year according to WHO estimates, and is a leading cause of cancer 

death in women (Lisio et al. 2019; Jemal et al. 2010). Despite its name HGSOC is now 

widely accepted to originate from the epithelium of the fallopian tubes (Labidi-Galy et 

al. 2017; Bergsten, Burdette, and Dean 2020; Karst and Drapkin 2010; Przybycin et al. 

2010; Crum 2009). The metastasis of HGSOC occurs via direct spread to adjacent tissues 

unlike many epithelial cancers that spread via the vascular or lymphatic systems. HGSOC 

mainly spreads to organs or structures within the peritoneal cavity, particularly the large 

adipose tissue layer on the surface of intraperitoneal organs called the omentum which 

is the target of metastasis in 80% of HGSOC patients (Lisio et al. 2019). 

 
The symptoms associated with HGSOC are often diverse and non-specific and, there are 

currently no effective screening strategies for HGSOC resulting in 75-80% of cases being 

diagnosed at a late stage (Lisio et al. 2019; Menon et al. 2015; Jacobs et al. 2016). 

Studies that have reported early detection failed to improve patient survival (Lisio et al., 

2019; Menon et al., 2015, 2021; Jacobs et al., 2016). Standard treatments involve 

surgery to remove as much tumour mass as possible, preceded and or followed by 

platinum-taxane chemotherapy (Bell D. et al. 2012). However, Some patitients do not 

respond to chemotherapy and of those which do within 6 months, 25% of patients will 

have developed a platinum-resistant cancer and there is an overall 5 year survival 

probability of 31% (Bell D. et al. 2012). 

 
HGSOC Genomic Landscape and DNA Repair Deficiencies 

 

HGSOC is a type 2 ovarian cancer as defined by Kurman and Shih in 2004, characterised 

by TP53 mutations (in upwards of 96% of samples) and genomic instability due to 
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defects in pathways contributing to DNA repair (Lisio et al. 2019; I.-M. Shih and Kurman 

2004). However, other than TP53 there are few recurrent SNV mutations Table 1 (Bell D. 

et al. 2012; Lisio et al. 2019; Ahmed et al., 2010). 

 

 

Gene Prevalence 

TP53 >96% 

BRCA1 12.5% 

BRCA2 11.5% 

CSMD3 6% 
NF1 4% 
CDK12 3% 

FAT3 6% 

GABRA6 2% 

RB1 2% 

 
Table 1 Recurrent mutations in genes found in HGSOC 

Frequency of common single nucleotide variants in genes in HGSOC based upon whole- 

exome sequencing data (Bell D. et al. 2012; Lisio et al. 2019). 

 
The homologous recombination repair pathway is involved in the repair of double strand 

breaks. (X. Li and Heyer 2008). When this system of DNA repair is impeded, genomic 

instabliity increases, and this disruption is called homologous recombination repair 

deficiency (HRD) and plays an important role in HGSOC (Takaya et al. 2020).Two key 

genes in this pathway are BRCA1 and BRCA2 and the presence of mutations in these 

genes can be used to identify HRD (Takaya et al. 2020). The synthetic lethality 

relationship between BRAC1 and 2 and PARP  means that cells that are HRD are 

sensitized to drugs targeting PARP1 and PARP2 genes. These drugs trap the PARP repair 

proteins resulting in DNA double strand breaks and ultimately cell death for cells that 

are sensitized to PARP inhibiters by HRD (Takaya et al. 2020). As the non-cancers cells 

within the patient will have functional homologous recombination repair pathways 

although the PARP inhibiter have a impact is systemic there lethality is selective to the 

cancer cells that are HRD (Takaya et al. 2020). 

 

PARP inhibitor drugs are now often used in the treatment of HGSOC cases with HRD 

(Takaya et al. 2020). Previously, the mutations identified to be impacting BRCA1 and 

BRCA2 were SNVs. However, large multi-megabase SVs have also been identified 
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affecting these genes in HGSOC and resulting in HRD (Ewing et al. 2020). 

 
Much of the genomic data for HGSOC was produced from three landmark studies, two 

pan-cancer studies that have profiled and analysed HGSOC in addition to other cancer 

types, The Cancer Genome Atlas (TCGA) in 2013 and the Pan-Cancer Analysis of Whole 

Genomes (PCAWG) in 2020 (Weinstein et al. 2013; The ICGC/TCGA Pan-Cancer Analysis of 

Whole Genomes Consortium (organisiation/Ins et al. 2020), plus another study focussed 

on chemoresistant and relapsed cases of HGSOC (Patch et al, 2015). The TCGA study was 

based upon whole-exome sequencing for 316 samples and also covered array based CNV 

detection, array based promoter methylation, and RNA-seq expression data. 

 
Subsequently, 44 of the samples used in the TCGA study were whole genome 

sequenced. In addition to identifying the genes found in Table 1, TCGA noted the high 

level of genomic instability in HGSOC when compared to other tumour types. 

(Weinstein et al. 2013). The PCAWG study profiled 113 HGSOC samples with WGS and 

RNA-seq and provided the first comprehensive picture of SVs in this tumour type, also 

examining, the occurrence of a particular cSV, chromothripis, using a tool called 

ShatterSeek developed by members of the PCAWG consortium (The ICGC/TCGA Pan-

Cancer Analysis of Whole Genomes Consortium (organisation/Ins et al. 2020; Cortés-

Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). Patch et al (2015) studied HGSOC cases in 

which many patients aquired resistance to treatment and identified SVs causing 

common amplification of CCNE1 and inactivation of several tumor suppressor genes 

(RB1, NF1, RAD51B and PTEN) as well as frequent SNV inactivation of BRCA1 and BRCA2 

(Patch et al. 2015). However, the amplification of CCNE1 has also been reported not to 

correlate with chemoresistance of HGSOC so its amplification may be a more general 

feature of HGSOC (Sapoznik et al. 2017). This thesis will further investigate SVs and cSVs 

in HGSOC. 

 
Genomic and expression profiling of a combined HGSOC cohort 

 

In advance of the work presented in this thesis, a combined cohort was constructed by 

the Gourley, Ewing and Semple labs and consists of HGSOC samples from the Australian 

Ovarian Cancer Study (AOCS) (Patch et al. 2015), The Cancer Genome Atlas (TCGA) (Bell 
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D. et al. 2012), the British Columbia Cancer Agency (BCCA) (Wang et al. 2017), The 

University of Texas MD Anderson Cancer Center (MDA) (Lee et al, 2020), and the 

Scottish High Grade Serous Ovarian Cancer (SHGSOC) consortium. This cohort (n = 324; 

Figure 1) provides the largest uniformly processed HGSOC dataset with deep tumour 
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WGS coverage (75X or greater), matched normal blood (30X) WGS for all samples, and 

RNA-seq expression data for most samples. 
 

 
 

Figure 1 Overview of the HGSOC combined cohort 

Sub-cohorts which make up the combined cohort are from the Australian Ovarian 

Cancer Study (AOCS), The Cancer Genome Atlas (TCGA), the British Columbia Cancer 

Agency (BCCA), The University of Texas MD Anderson Cancer Center (MDA) and, the 

Scottish High Grade Serous Ovarian Cancer (SHGSOC) consortium. The outer circle 

indicates the numbers of WGS samples included, while the inner circle shows the 

number of samples from each sub-cohort with RNA-seq data. The gray sections 

represent samples without gene expression data within each sub-cohort. 

 
 

All tumour samples within the combined cohort were taken during the initial debulking 

surgery and are pre-treatment with the exeption of the SHGSOC which had neo-

adjuvant chemo. In addition to the technical differences that exist between sub-

cohorts (such as WGS and RNA-seq coverage), there is also a biological difference 

between the AOCS sub-cohort and the rest of the combined cohort. The AOCS is 

comprised of HGSOC samples which was bised towards resistances as they selected 

patients after progression following platinum based chemotherapy treatment (Patch et 
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al. 2015), while the other cohorts are comprised of a mixture of samples from patients 

both responsive and non-responsive to platinum-based chemotherapy treatment. This 

biological difference can be exploited to investigate the relationship between cSV 

occurrence and resistance to treatment. This dataset also contains matched RNAseq 

expression data for 204 (62%) of the WGS tumour samples (Figure 1 Inner Ring) which 

will be used to investigate the consequences of cSV on gene expression. The combined 

cohort also has associated clinical data such as age, tumour stage, overall patient 

survival time after diagnosis and time to relapse. These data can be used to investigate 

the impact of cSV on patient outcomes. 

 
The combined cohort was uniformly processed by other members of the Semple and 

Ewing labs to call simple genomic alterations (CNV and SV) and these calls form the basis 

of the cSV predictions. The importance of CNVs and SVs in tumourigenesis is well 

established. 

 
Copy Number Variation in Tumorigenesis 

 

Although precise detection of CNVs is an ongoing challenge relying on change of 

coverage depth this limits the resolution to which CNV can be called, unlike SNV where 

the exact base pair change is know, CVN start and end cannot be called to an exact base 

pair. Large scale gains and losses of DNA also known as CNV can be detected via WGS. 

Changes in coverage depth across large chromosome spans are critical to CNV detection 

by a variety of algorithms (Coutelier et al. 2022; Talevich et al. 2016; Cameron, Baber, 

Shale, Papenfuss, et al. 

2019). CNV are prevalent across the genome, affecting a larger proportion of genome 

than SNVs and impacting a range of human phenotypes (Sansregret and Swanton 2017; 

Shlien and Malkin 2009; M. Zhao et al. 2013; Steele et al. 2022). 

 
Several cancer types have been found to have CNVs, which affect numerous oncogenes 

and tumour suppressor genes. (Shlien and Malkin 2009; M. Zhao et al. 2013). It has also 

been reported that an increased number of CNVs in the genome has been associated 

with higher tumour grades and worse prognosis (Levine and Holland 2018; Glassman 

2000). More recently, genome wide patterns of CNV, or CNV signatures, have been 

reported to have associations with clinically important features of tumour biology such 
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as HRD and sensitivity to platinum treatment (Shao et al. 2019; Steele et al. 2022). 

Changes in gene copy number in tumors have also been reported to be highly correlated 

with increased or decreased gene expression (Shao et al. 2019). 

 
Whole genome duplication (WGD) is an event that can account for significant changes in 

copy number across the majority of the genome. It involves the doubling of ploidy 

throughout the entire genome, and can result in large scale CNVs where entire 

chromosomes have abnormal copy number (Drews et al. 2022). Other mechanisms that 

may lead to CNVs are replication stress and mitotic errors, as suggested by studies 

(Sansregret and Swanton 2017; Levine and Holland 2018). 

 
Structural Variation in Tumorigenesis 

 

Structural variants differ from CNVs in size, with SVs generally less than 1Mb and CNV 

often exceeding this. In addition, SVs can represent differences in DNA quantity as well 

as changes in location and orientation. SVs identified in short-paired end WGS can be 

broadly categorised into five main SV types: duplications, deletions, inversion, insertion 

and translocations. A duplication is an increase in copy number (Figure 2 a) and a 

deletion is a decrease in copy number (Figure 2 b) of a linear region of the genome. An 

insertion is the addition of a new region of DNA (Figure 2 c). Inversions and 

translocations do not alter copy number but instead, an inversion changes the 

orientation of a region (Figure 2 d), and a translocation changes the location of a region 

(Figure 2 e). 

 
The prediction and categorisation of SVs relies upon tools that utilise split reads, 

discordant read pairs and alterations in sequencing depth (Chen et al. 2016; Cameron, 

Baber, Shale, Papenfuss, et al. 2019). However, the prediction of both SVs and CNVs is 

an area of active research and no single algorithm is optimally accurate according to 

published performance comparisons (Cameron, Di Stefano, and Papenfuss 2019). In 

general researchers generate consensus calls across more than one algorithm to 

increase accuracy, as used in the recent ICGC PCAWG projects (The ICGC/TCGA Pan- 

Cancer Analysis of Whole Genomes Consortium (organisiation/Ins et al. 2020; 
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Gabrielaite et al. 2021; Moreno-Cabrera et al. 2020). 

Figure 2 Types of structural variation 

The effects of different structural variants on chromosome structure. The panels show 

the increase or decrease of the amount of DNA caused by duplication and deletion 

respectively; the addition of DNA from an insertion and the change in orientation or 

location of DNA from an inversion or translocation respectively. Adapted from Hamdan 

and Ewing 2022 to show translocations. 

 
 

The impact of the SVs can depend on the genomic context it occurs in; a deletion in an 

essential gene may lead to a phenotype, whereas a deletion of the same size in a 

different location may have no impact on the cell. In fact, a SV was the first genetic 

alteration to be associated with human cancer with the discovery of the Philadelphia 

chromosome, generated by a reciprocal translocation in patients with chronic myeloid 

leukemia (Sabath 2013; Nowell and Hungerford 1960). This translocation creates a 

fusion gene with increased activity leading to an increase in proliferation (Sabath 2013). 

 
As previously mentioned, SVs have already been shown to be important in HGSOC by 

impacting the BRAC1 and BRAC2 genes (Ewing et al. 2020). In this thesis, this work will 

be extended to examine the structural variation affecting all protein coding genes. 
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The availability of abundant whole genome sequencing data has led to the identification 

of various types of cSVs. 

Figure 3 depicts the different types of cSVs previously reported and their impact on 

chromosome structure and DNA copy number. The eight known types of cSVs are 

chromothripsis, extrachromosomal circular DNA (ecDNA), chromoplexy, breakage fusion 

bridges, pyrgo, rigma, tyfonas, and seismic amplification. In this work, we will delve into 
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these cSVs in more detai 
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Figure 3 Types of Complex Structural Variants 

Previously reported complex structural variants are depicted in successive panels from 

top left as follows. a The shattering and reformation of a chromosome region due to 

chromothripsis. b The rearrangements leading to the formation of the circular structure 

of ecDNA. c The repeated cycles of chromosome breakage and fusion underlying the 

breakage fusion bridge. The rearranged high copy number regions due to tyfonas (h) 

and seismic amplifications (d). e The interlinked reciprocal translocations due to 

chromoplexy. The build-up of duplications or deletions due to prygo (f) and rigma (g) 

respectively. Adapted and extended from Hamdan and Ewing 2022 to show 

chromoplexy, pyrgo, rigma, tyfonas and, seismic amplifications. 

 

Advances In the Identification of Complex Structural Variants 
 

Recently there has been rapid progress in the study of cSVs over the past decade as 

shown in the timeline in Figure 4 (Shorokhova, Nikolsky, and Grinchuk 2021; Robert and 

Crasta 2022). Nonetheless, ecDNA was identified even before the first draft of the 

human reference genome was published. This was done through the use of microscopy 

to observe metaphase chromosomes, which revealed the presence of small circles of 

extrachromosomal DNA within cells (Cox, Yuncken, and Spriggs 1965; Lander et al. 

2001). These were initially called double minutes due to sometimes being found in pairs 

(Cox, Yuncken, and Spriggs 1965), though more recent research has found that only 30% 

of ecDNA occur in pairs (Turner et al. 2017). 

 

Detection of ecDNA 

 

The development of algorithms have played an important role in ecDNA research by 

standardizing techniques to identify ecDNA. Initially, the algorithm ECdetect was 

developed to identify ecDNA from DAPI stained metaphase cells (Turner et al. 2017). 

Using this algorithm, ecDNA was able to be identified in half of all cancer cells and it was 

observed that ecDNA are almost never found in healthy human cells. (Turner et al. 

2017). Built by the same team as ECdetect, the AmpliconArchitect algorithm allows for the 

identification of ecDNA from combinations of CNV and SV calls derived from WGS data allowing 

for the identification of ecDNA in tumour samples (Deshpande et al. 2019). 
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Figure 4 Timeline of milestones in complex structural variant biology 

The timeline highlights key developments in algorithm development and novel insights 

into complex structural variant biology. Gray boxes show algorithmic development and 

blue box show observations and impact. 

 
Detection of Chromothripsis 

The generation of ecDNA has been linked to another cSV, chromothripsis (Stephens et 

al. 2011; X.-K. Zhao et al. 2021a). Chromothripsis involves the shattering and random 

reforming of one or a few chromosomes (Stephens et al. 2011). First named and 

discovered in patients with chronic lymphocytic leukaemia, with the distinct patterns 

and density of genomic rearrangements observed thought unlikely to have developed 

sequentially (Stephens et al. 2011). This pattern was instead proposed to have occurred 

within a single cell cycle, indicating that chromothripsis did not fit the classical 

mutational theory of oncogenesis, where there is a gradual build-up of mutations over 

many cell cycles (Stephens et al. 2011). This pattern of rearrangement was localised 

within the genome, with alternating copy number caused by an approximately even 

number of deletions and duplications, as well as inversions and translocations also 

clustering in these regions (Stephens et al. 2011). 

 
To support the statement that the pattern observed was the result of shattering and 

reforming of the chromosome in a single cell cycle, Monte Carlo simulations were used 

(Stephens et al. 2011). The simulations of the progressive rearrangement model were 

performed 1000 times randomly sampling from 239 structural variants that they had 

identified in a human sample and measuring the predicted copy number states 

(Stephens et al. 2011). From these simulations, it was determined that the observed 

pattern was unlikely to occur from progressive accumulation of rearrangements and 

thus the structural variants were likely to occur simultaneously (Stephens et al. 2011). 

 
Chromothripsis has been reported in the literature using different numbers (such as 20, 

10 or 6) of structural variants as thresholds to indicate chromothripsis (Molenaar et al. 

2012; Northcott et al. 2012; Rausch et al. 2012; Chiang et al. 2012). It has been noted 

that this variation in thresholds may affect the ability to distinguish simultaneous 

chromothripsis SV generation from sequential SV accumulation (Kinsella, Patel, and 
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Bafna 2014). Kinsella et al used statistical simulations to show that reducing thresholds 

increased the chance that complex rearrangements are identified by random change 

(Kinsella, Patel, and Bafna 2014). This could result from sequential rearrangement and 

therefore increasing the chances of misidentifying regions as affected by chromothripsis 

(Kinsella, Patel, and Bafna 2014). 

 
To address such difficulties in identifying chromothripsis Korbel and Campbell proposed 

statistical criteria for identification of chromothripsis based on simulated data (Korbel 

and Campbell 2013). The criteria proposed were as follows: clustering of breakpoints, 

randomness of DNA fragment joins and randomness of DNA fragment order (Korbel and 

Campbell 2013). 

 
Clustering of breakpoints was proposed to be tested by comparing the distance between 

the genomic positions of adjacent breakpoints of breakpoints to a null random 

distribution of breakpoints (Korbel and Campbell 2013). 

 
The randomness of DNA joins by counting the frequency of the four different types of 

joins (deletion, tandem duplication, head-to-head-inverted, and tail-to-tail-inverted) and 

comparing them to an expected frequency of 25% with departure from this frequency 

being evidence against chromothripsis. This is testing that assumption that fragments of 

the shattered chromosomes are joined together randomly (Korbel and Campbell 2013). 

 
The randomness of DNA fragment order can be tested by indexing breakpoints by 

genomic position then by comparing the index of breakpoints linked by SV pairs should 

be random and drawn without replacement. Korbel and Campbell suggest that the 

randomness can be tested in multiple ways including Monte Carlo simulations. In 

practice Korbel and Campbell found that the DNA fragment order was not truly random 

but more random than would be expected by a progressive model of rearrangement 

which would be the alternative to shattering and reforming. The randomness of DNA 

fragment order tests the assumption that the shattered fragments of DNA are 

recombined randomly. 

 

The first algorithm published to call chromothripsis was ShatterProof (Govind et al. 
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2014), but the criteria used by ShatterProof to identify chromothripsis were not based 

on those proposed by Korbel and Campbell. Instead copy number variation, 

translocation, insertion and loss of homology calls were used to produce a weighted 

score of how likely a highly mutated region is to have involved chromothripsis (Govind et 

al. 2014). The weighting of copy-number aberrations and translocations as joint highest 

made these the two the most important criteria for calling chromothripsis (Govind et al. 

2014). Despite being an important step toward standardizing the identification of 

chromothripsis, ShatterProof was not used in the ICGC Pan-Cancer Analysis of Whole 

Genomes (PCAWG) study which investigated 2,658 tumour samples for the presence of 

genomic features including chromothripsis (Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et 

al. 2020). 

 
An alternative algorithm, ShatterSeek, which was based on the statistical criteria 

proposed by Korbel and Campbell was used for the PCAWG study (Cortés-Ciriano, Lee, 

Xi, Jain, Jung, Zhang, et al. 2020). As part of the PCAWG study the results of the 

ShatterSeek and ShatterProof algorithms were compared in 109 prostate 

adenocarcinoma samples which had been previously tested for chromothripsis by the 

authors of ShatterProof, who identified chromothripsis in 23 (21%) samples with 

ShatterSeek (Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020; Govind et al. 2014). 

However, this rose to 49 (45%) samples when the ShatterProof analysis was redone 

with the more reliable PCAWG consensus copy number and SV calls (Cortés-Ciriano, 

Lee, Xi, Jain, Jung, Zhang, et al. 2020). ShatterSeek, identified 60 (55%) samples as 

having chromothripsis. In addition, 4 of the samples identified by ShatterProof were not 

identified as having chromothripsis by ShatterSeek (Cortés-Ciriano, Lee, Xi, Jain, Jung, 

Zhang, et al. 2020), as the regions concerned had less than 6 SVs involved which is 

below the minimum threshold ShatterSeek sets for identification of chromothripsis 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). 

 
ShatterSeek was also compared to another algorithm, ChromAL, in 76 pancreatic 

tumours and both detected the same 41 (54%) samples as affected by chromothripsis 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). ChromAL was also based on the 

same statistical criteria for calling chromothripsis proposed by Korbel and Campbell 

(Notta,Chan,2016). ChromAL and ShatterSeek have very similar criteria, but 
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ShatterSeek provides both high and low confidence calls of chromothripsis and was 

the preferred algorithm for PCAWG analyses (Cortés-Ciriano, Lee, Xi, Jain, Jung, 

Zhang, et al. 2020; Notta et al. 2016). 

 
Detection of Chromoplexy 

 
As WGS data has accumulated, more detailed studies of tumour mutational spectra 

have revealed cSVs beyond chromothripsis, such as chromoplexy (M. M. Shen 2013). 

 
Chromothripsis and chromoplexy are two genomic rearrangement processes that 

involve random breakage and fusion of genomic segments, resulting in changes in copy 

number states. However, there are some key differences between the two processes 

(Baca et al. 2013). Chromothripsis typically generates hundreds of clustered structural 

variant (SV) breakpoints and is usually restricted to one or two chromosomes. In 

contrast, chromoplexy typically generates tens of SVs, which are 'chained' together as a 

complex series of rearrangements, rather than clustered across specific regions, and can 

involve multiple chromosomes (Baca et al. 2013). 

 
Chromoplexy was originally identified in prostate cancer and was proposed to be a 

driver event generating oncogenic gene fusions and tumour suppressor losses (Baca et 

al. 2013).The identification of chromoplexy relies on detecting chained together SVs 

across multiple chromosomes and as such it cannot be identified when regions of the 

genome are considered individually (Baca et al. 2013). This means that chromoplexy 

detection is well suited to algorithms rooted in graph theory which treats information as 

a set of nodes and arcs this then allows for circular paths to be identified. This is the 

approach used by Chainfinder and subsequently gGenomes (Baca et al. 2013; Hadi et al. 

2020). 

 
Detection of Rigma, Pyrgo and Tyfonas 

 
A key statement in the PCAWG paper on chromothripsis was that as the accuracy of CNV 

and SV calls has improved so too has the ability to call cSVs (Cortés-Ciriano, Lee, Xi, Jain, 

Jung, Zhang, et al. 2020). An important development in the ability to call CNVs and SVs 
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came from the combined use of GRIDSS, PURPLE, LINX which was designed to be an 

integrated and comprehensive structural variant and copy number analysis tool kit and 

also provides purity and ploidy estimates (Cameron, Baber, Shale, Papenfuss, et al. 

2019). By using changes in copy number to support its SV calls it was able to rescue SV 

calls that without that additional support would not have been identified (Cameron, 

Baber, Shale, Papenfuss, et al. 2019). Although still in preprint at time of writing GRIDSS, 

PURPLE, LINX has been utilised as the input to a generalist cSV caller of JaBbA and 

gGenome (Cameron, Baber, Shale, Papenfuss, et al. 2019; Hadi et al. 2020). 

 
The Junction Balance Analysis (JaBbA) algorithm combines coverages and SV breakpoints 

(junctions) calls from GRIDSS, PURPLE, LINX to build a genome graph. This graph is then 

used by gGenome to classify cSV. 

 
The combination of JaBbA and gGenome also allowed for the identification of many 

types of previously identified cSV types including chromothripsis, chromoplexy and 

ecDNA (Hadi et al. 2020). Building on the development in the GRIDSS, PURPLE, LINX 

pipeline and utilising a novel genome graph algorithm approach, the authors of 

gGenome algorithms reported novel complex structural variants named rigma, pyrgo 

and tyfonas. 

 
Rigma was identified as an event generating clusters of deletions with reported 

associations with late replicating regions, fragile sites and long genes when compared to 

simple deletions (Hadi et al. 2020). Similarly, pyrgo was identified as generating clusters 

of duplications, with a reported association with early replicating regions and super-

enhancers when compared to simple duplications (Hadi et al. 2020). These differences 

in their genomic distributions were proposed to be the main evidence that rigma and 

pyrgo arise from different mutational processes and or selection pressures than simple 

deletions or duplications. Tyfonas generates amplified copy number inversions and was 

proposed to differ from other cSVs that involve amplified copy number and inversions 

such as breakage fusion bridges due to their enrichment in particular tumour types (Hadi 

et al, 2020). 
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Detection of Breakage Fusion Bridges 

 
The mechanism for the generation of breakage fusion bridges (BFBs) proposed involves 

the loss of a telomere (McClintock 1941; Umbreit et al. 2019). During mitosis the two 

copies of the chromatids lacking the telomere fuse to create an aberrant chromosome 

with two centromeres (McClintock 1941; Umbreit et al. 2019). This aberrant 

chromosome still lacks telomeres allowing further BFB cycles to continue and produce 

further genomic instability (McClintock 1941; Zakov, Kinsella, and Bafna 2013; Umbreit 

et al. 2019). The identification of BFBs relies on the identification of the increase in copy 

number and inversions caused by the repeated fusion, breakages and duplications of 

chromosomes over multiple cell cycles (Hadi et al. 2020; Baca et al. 2013). 

 
Detection of Seismic Amplification 

 
The massive rearrangements involved in chromothripsis have been proposed to be the 

source of ecDNA and also other cSV types (Rosswog et al. 2021; X.-K. Zhao et al. 2021a). 

A recent study of 79 WGS neuroblastoma samples found amplification (copy number >= 

5 in diploid and >= 9 in polyploid genomes) in 57 samples (72%). Rosswog et al also 

reported that 19 (24%) of these amplified samples also contained a new type of cSV in 

the same amplified regions (Rosswog et al. 2021). This pattern of cSV was characterised 

by at least 14 internal rearrangements and elevated copy number, and was termed 

seismic amplification (Rosswog et al. 2021). 

 

Seismic amplification differed from chromothripsis in that it lacked the characteristic 

oscillation of copy number that is characteristic of chromothripsis, and differed from 

other amplifications due to the complexity of the rearrangements involved (Rosswog et 

al. 2021). Using fluorescent in situ hybridisation, these regions of seismic amplification 

were observed to exist extra-chromosomally and integrated into chromosomes 

(Rosswog et al. 2021). It was suggested that chromothripsis may be involved in the 

generation of seismic amplifications that possess dense clustering of breakpoints and 

uniform distribution of SV types which are both hallmarks of chromothripsis (Rosswog et 

al. 2021; Stephens et al. 2011; Korbel and Campbell 2013). 
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Additionally, it was observed that chromothripsis occurred in 89% of samples (244 of 

274 samples from multiple tumour types) showing evidence for seismic amplification. 

(Rosswog et al. 2021) However, simulation studies found that chromothripsis followed 

by cyclic amplification most closely matched the copy number and SV patterns observed 

in seismic amplification identified in the PCAWG cohort (Rosswog et al. 2021). These 

findings suggest that while chromothripsis and ecDNA may play a significant role in the 

development of seismic amplification, it may not be the only mechanism involved. 
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Functional and Clinical Impacts of Complex Structural Variants 

 
Many cSV events have been described as genomic chaos or crisis that generate variation 

which can be exploited by selection during tumorigenesis (G. Liu et al. 2014). In the 

same way that the genomic context of a SV will affect its impact so will the genomic 

context of a cSV. Different types of cSV alter the regions they impact in different ways, 

for example, the amplification of copy number in a region by ecDNA is likely to have very 

different consequences from the oscillation of copy number across a region affected by 

chromothripsis. Although many cSV have only recently been reported and therefore the 

literature on their impact is limited, there is an emerging literature on their functional 

and clinical impacts. 

 
Impact of ecDNA on Patients 

 
The potential importance of ecDNA in tumour biology was established when the MYC 

oncogene was linked to ecDNAs in two separate studies in 1983, suggesting ecDNA 

oncogene amplification as a tumour driver mechanism (Kohl et al. 1983; Schwab et al. 

1983). Subsequently, ecDNA have been found to frequently contain oncogenes in a 

number of tumour types, and the presence of ecDNA has been associated with worse 

patient outcome (Kim et al. 2020; Turner et al. 2017; Verhaak, Bafna, and Mischel 2019). 

Using live cell imaging of cells containing ecDNA, the uneven segregation of ecDNA has 

been observed during mitosis, meaning that the number of ecDNA in the daughter cells 

can vary (Yi et al. 2022). This variation can lead to rapid tumor evolution when 

proliferative ecDNA containing clonal lineages have a selective advantage (Yi et al. 

2022). The uneven inheritance of ecDNA allows for rapid changes in copy number to 

quickly find the optimal level for ecDNA with beneficial or detrimental phenotypes. 

 
In addition, ecDNA has been subject to various speculative mechanisms to explain its 

functional impact. One such mechanism suggests that ecDNA tends to spatially cluster 

within cells, which can increase the expression of genes contained on the ecDNA. This 

clustering may occur because of increased spatial proximity, leading to more efficient 

use of transcription machinery (Hung et al. 2021; Purshouse et al. 2022). 
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Recently, ecDNA were observed to act as mobile regulatory elements driving global 

transcription of oncogenes. Meaning that ecDNA might impact the expression of 

chromosomal genes as well as those resident on the ecDNA by clustering within the 

nucleus (Zhu et al. 2021). However, experiments using high resolution microscopy have 

suggested that the simple increase in copy number facilitated by ecDNAs is the main 

factor explaining the increase in oncogene expression associated with ecDNA (Purshouse 

et al. 2022). 

 
Impact of Chromothripsis on Patients 

 

Chromothripsis has been associated with poor patient outcome in several cancer types 

including medulloblastoma, neuroblastoma, colorectal cancer and myeloid leukaemia 

(Voronina et al. 2020; Waszak et al. 2018; Molenaar et al. 2012; Fontana et al. 2018; 

Chiara et al. 2018). The co-occurrence of ecDNA and chromothripsis was also reported 

to be associated with poor patient outcomes (Shoshani et al. 2020). However, the 

association with worse survival has been inconsistent across tumour types, and was not 

found in colorectal cancer or uveal melanomas (Skuja et al. 2017; van Engen-van 

Grunsven et al. 2015). In contrast, chromothripsis has also been reported to have a 

positive influence on progression free survival in metastatic colorectal cancer (Skuja et 

al. 2017). As mentioned above, many cSV studies have differed in the criteria used to 

identify chromothripsis, and this problem also affects these studies of clinical impact 

(Voronina et al. 2020; Waszak et al. 2018; Molenaar et al. 2012; Fontana et al. 2018). 

 
Impact of Chromoplexy on Patients 

 
Chromoplexy affecting the activity of super enhancers and oncogenes has been reported 

to have a negative impact on progression free survival in multiple myeloma (Ashby et al. 

2018). In addition, chromoplexy has been reported to enable ERG fusions or 

dysregulation and PTEN loss, the combination of which has been shown to trigger the 

formation of aggressive prostate tumours, implying that chromoplexy has a negative 

impact on survival (Berger et al. 2011; Carver et al. 2009; King et al. 2009). 
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Impact of Breakage Fusion Bridges on Patients 

 
A combination of fluorescence in situ hybridization and WGS studies have shown that 

BFBs can increase the numbers of SVs found on chromosomes and can act as a source of 

variation upon which selective pressure can act and clonal evolution can take place 

(Gisselsson et al. 2000). In mice with mutations in TP53 and nonhomologous end joining 

DNA repair proteins, lymphomas have been reported with BFB events involving 

amplification of the MYC oncogene (Umbreit et al. 2019; Difilippantonio et al. 2002). 
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Aims 

 

Simple SVs and SNVs have been shown to impact tumour gene expression and patient 

outcomes in many tumour types, yet the recurrent patterns of SV in highly rearranged 

cancer types such as HGSOC are relatively understudied (Ewing et al. 2020; Cosenza, 

Rodriguez-Martin, and Korbel 2022). Multiple types of cSV have also been identified as, 

discussed above, but their impact and importance in HGSOC is unknown. In addition, 

many cSV studies have focused on a single type of cSV so their patterns of co-occurrence 

have been understudied. Finally, the effects of different cSV types on the function of the 

genes they impact and on patient survival are unknown in HGSOC. It is these questions 

that this work will further investigate with the following specific aims. 

 
1. Determine the diversity, recurrence, frequency and interaction of 

structural variant and complex structural variants across the combined 

cohort of HGSOC. 

 
2. Investigate the co-occurrence and mutual exclusivity of complex 

structural variation in HGSOC, with different cSV types and other relevant 

genomic features. 

 
3. Assess the functional impact of structural variants and complex structural 

variants on the genes they cover. 

 
4. Determine the impact of structural variants and complex structural 

variants on patient survival time and time to relapse and assess the value 

of structural variants and complex structural variants as biomarkers of 

patient outcomes. 
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Chapter 2: Methods 

 

Calling Structural Variants and Copy Number Variants 

 

Somatic structural variants (SVs) and copy number variants (CNVs) were identified by 

other members of the Semple and Ewing labs using a consensus approach with 

specialized callers. For consensus SVs, the viola-sv tool was employed, applying a 

proximity threshold of 100 bp to determine the intersection of SV calls from Manta and 

GRIDSS (Cameron, Baber, Shale, Papenfuss, et al. 2019; Chen et al. 2016; Sugita et al. 

2022). Similarly, consensus CNVs were generated by considering a minimum 50% 

overlap between segments identified by CNVkit, CLImAT, and PURPLE (Talevich et al. 

2016; Cameron, Baber, Shale, Papenfuss, et al. 2019; Yu et al. 2014). 

 

Identifying Complex Structural Variants 

 

Chromothripsis 
 
To identify chromothripsis within the combined cohort the R package ShatterSeek was utilised 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020). Based on the statistical criteria proposed 

by Korbel and Campbell, ShatterSeek provides criteria for identifying chromothripsis (Korbel 

and Campbell 2013). From manta SV calls and CNVkit copy number calls ShatterSeek was used 

to identify chromothripsis from the number of interleaved SVs, and copy number oscillations, 

as well as chromosomal enrichment of breakpoints and random fragment joining to predict 

chromothripsis (Cortés-Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020). An example of an 

interleaved SV is shown in Figure 5 and is defined as an SV that has one breakpoint between 

the breakpoints of another SV. Notable this does not addresses the problem of SV phasing.  

 

Phasing of SV is where it is attempted to determine if two rearrangements events occur on the 

same copy of a chromosome in a diploid genome it is possible if two events occur on the same 

or different copies of a chromosome. This problem is made increasingly difficult by whole 

genome doubling where the number of copies of each chromosome double and therefore the 

number of different places SV could be increase. With short read sequencing where the reads 

are ~150 bp there is no information about the phasing of breakpoints more than 150 bp from 
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each other. Long read sequencing increases the distance between breakpoint for which phasing 

information is available. The phasing of SV is an ongoing challenge in the field of structural 

variant research and is beyond the scope of this thesis. 

 

 
 

Figure 5 Interleaved structural variant 

Each arch above represents a structural variant (SV). a shows a pair of interleaved SVs with one 

end of SV1 between each end of SV2. b shows a pair of SVs as both ends of SV4 are between the 

ends of SV3 these SVs are nested and are not interleaved. 

 

 



28  



29  

Figure 6 Flow diagram for identification of chromothripsis by ShatterSeek 

A flow diagram for the identification of chromothripsis from structural variant and copy 

number calls using the ShatterSeek criteria (Cortés-Ciriano et al. 2020). There are three 

routes to identify chromothripsis: chromothripsis on one chromosome, chromothripsis 

identified on multiple chromosomes, and highly structurally rearranged chromothripsis. 

Acronyms used in the figure are; Structural variant (SV), interleaved SV (iSV), and 

adjacent oscillation of copy number (aoCN). 

 
 

ShatterSeek attempt to identify chromothripsis found in multiple context as shown by 

the three routes in Figure 6 to reach a call of high confidence chromothripsis. The first 

route is a region with at least 40 SVs with roughly equal proportions of each SV type, this 

is to identify chromothripsis in highly rearranged regions missed by other routes (Cortés- 

Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020). The second route to high confidence 

classification aims to identify chromothripsis spread across multiple chromosomes by 

considering inter-chromosomal SVs and as such includes intrachromosomal SV as an key 

measure (Cortés-Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020). The third route to 

confidence classification aims to identify chromothripsis located on one chromosome 

requiring more interleaved SVs than the second route (Cortés-Ciriano, Lee, Xi, Jain, Jung, 

Yang, et al. 2020). The low confidence classification differs from the third route based on 

the number of adjacent segment oscillating copy number states (Cortés-Ciriano, Lee, Xi, 

Jain, Jung, Yang, et al. 2020). 

 
Chromothripsis was also called by the gGenome (Hadi et al. 2020). Although based on 

the criteria proposed by Korbel and Campbell, gGenome attempts to identify 

chromothripsis using different criteria than ShatterSeek. The criteria used by gGenome 

(Figure 7) is most similar to the criteria used in the single chromosome chromothripsis 

route in ShatterSeek. 
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Figure 7 Flow diagram for identification of chromothripsis by gGenome 

A flow diagram for the identification of chromothripsis from structural variant and copy 

number calls by gGenome.* The threshold for width weighted copy is 4 or twice the 

sample ploidy whichever is greater. 

 
 

Although both ShatterSeek and gGenomes attempt to implement the criteria set out by 

Korbel and Campbell, the criteria is implemented differently. For example in the 

identification of oscillation of copy number, ShatterSeek identifies the maximum 

number of adjacent oscillations between two copy number states whereas gGenomes 

restricts the number of copy number states in a region and then requires a minimum 

number of changes in copy number. Both of these approaches will identify oscillation in 

copy number and there is currently no standard or consensus on which way is best. 

However, gGenome also introduces criteria not recommended by Korbel and Campbell 

such as restricting the size of regions that can be included in a call of chromothripsis. 

Additionally at the time of writing Jabba and gGenome are currently in preprint so have 

not completed the peer review process (Hadi et al. 2020; Korbel and Campbell 2013). 

 
In the absence of a gold standard reference data upon which both callers could be 

compared an informed choice had to be made between them; Ultimately, ShatterSeek 

was used in this work to identify chromothripsis as it more closely adheres to the Korbel 

and Campbell criteria, has been peer reviewed and used in landmark work in cSV 

literature (Cortés-Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020). 

 
Extrachromosomal circular DNA 

 
To identify extrachromosomal circular DNA (ecDNA) the AmpliconArchitect package was 

used to identify amplicons and ecDNA and other patterns of SVs (Deshpande et al. 

2019). AmpliconArchitect uses short-paired end whole genome alignment generated by 

other members of the Semple lab, and structural variants called using the structural 

variant caller, PURPLE, generated by other members of the Semple and Ewing labs 

(Cameron, Baber, Shale, and Papenfuss 2019). AmpliconArchitect identifies amplicons as 

genomic regions with increased copy number linked by SVs. In addition to be classed as 
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amplicons at least one segment of the amplicon must have a copy number >5 and the 

total amplicon length must be >100 kbp. 

 
The results of the AmpliconArchitect package were classified using AmpliconClassifier 

package into three categories ; Linear amplification, Complex non-cyclic and, Cyclic 

(Deshpande et al. 2019; Kim et al. 2020). Linear amplification were regions of the 

genome with at least one segment with a copy number >4 and no SV or SVs linking 

regions <1Mb apart and not forming a circular structure. Complex non-cyclic regions are 

similar to Linear amplification except there is at least one SV linking regions that are 

>1Mb apart in the reference genome. Cyclic regions are divided into two sub groups, 

breakage-fusion-bridge (BFB) or ecDNA. The BFB classification was called if more than 

25% of discordant reads form fold-back orientation. An ecDNA was called when the 

segments formed a loop linked by SVs, a size greater than 10kb and a copy number 

greater than 4. Additionally, AmpliconClassifier predicts a structure of cyclic DNA by 

combining amplified regions linked by SVs with the same predicted copy number. 
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Figure 8 Flow diagram for identification of ecDNA by AmpliconClassifier 
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The flow diagram demonstrates how AmpliconClassifier classifies amplicons generated 

by AmpliconArchitect into five categories bases on size, copy number, proportion of fold- 

back inversion SV, the circularity of the amplicon, deletion size and the presence of 

discordant reads. The five possible classifications of an AmpliconArchitect amplicon are; 

Breakage Fusion Bridge, ecDNA, Complex non cyclic, linear amplification and no call. 

 
 

Rigma and Pyrgo 

 
The criteria for identification of rigma and prygo are nearly identical with the exception 

that they are a clustering of deletion or duplications respectively (Hadi et al. 2020). 

Rigma and pygo were identified using the JaBba gGenomes pipeline from PURPLE 

junction calls and coverage. The criteria for their identification is shown in Figure 9 a and 

Figure 9 b respectively. 

 
Both Rigma and Pyrgo define their region by looking for overlapping structural variants 

(deletion in rigma and duplication in pyrgo). They require the regions copy number to be 

different from the overall ploidy of the sample decreased copy number in rigma and 

increase in pyrgo (Hadi et al. 2020). Candidate regions with a length less than 10kb or 

greater than 1Mb are then rejected (Hadi et al. 2020). Finally the region must be 

enriched for their respective SV type, deletion in rigma and duplication in pyrgo, this 

enrichment is tested using the fishhook algorithm using a Poisson model to see if the 

region is enriched for the respective SV type while counting for the presence of other 

SVs (Imielinski, Guo, and Meyerson 2017; Hadi et al. 2020). The threshold for 

significance was a FDR <0.5 (Hadi et al. 2020). 
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Figure 9 Flow diagram for identification of Rigma and Pyrgo by JaBbA gGenomes 

This flow diagram demonstrated how gGenomes identifies regions of rigma and pyrgo 

based on copy number and size, location and enrichment of deletions or duplications 

respectively (Hadi et al. 2020). 

 
 

Tyfonas, Breakage Fusion Bridges and Double Minutes 

 
The JaBbA gGenomes pathway separates amplified regions into four classifications 

tyfonas, breakage fusion bridges and double minutes and other this is shown in Figure 

10 (Hadi et al. 2020). Amplified regions are defined as regions with copy number of at 

least 7 and greater than the ploidy of the sample. Amplified candidate regions are then 

split based on the proportion of SVs in the candidate region that are fold back inversions 
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also called inverted duplications. Candidate regions with atleast 50% fold-back inversion 

SVs are then subdivided into tyfonas or breakage fusion bridges based on the number of 

junctions that have a copy number greater than 7. If atleast 26 junctions in the 

candidate region have a copy number >7 then the candidate region is classified as 

tyfonas. If the candidate region has less than 26 junction with copy number > 7 then the 

candidate region is classified as breakage fusion bridges. 

 
Alternatively candidate regions with less than 50% fold back inversions are subdivided 

based on the number of junction with copy number > 7. To be classified as a double 

minute, a candidate region must have at least 31 junctions with copy number greater 

than 7. If the candidate regions do not meet this threshold then it is classified as other 

amplification. 
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Figure 10 Flow diagram for classification of amplified region by gGenomes 

The flow diagram demonstrates how gGenomes classifies amplified regions identified by 

JaBbA into five categories bases on copy number and proportion of fold-back inversion. 

The five possible classifications are Breakage Fusion Bridge, Tyfonas, double minutes, 

other amplicons and no call (Hadi et al. 2020). 
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Chromoplexy 

 
The JaBbA gGenome classifies chromoplexy from junctions with a copy number < 3. 

Breakpoints within 10kb are grouped into a cluster and at least three clusters must be 

linked by intrachromosomal SV or SV linking cluster at least 10Mb apart to be classified 

as chromoplexy (Figure 11) (Hadi et al. 2020). 

 
 

Figure 11 Flow diagram for identification of Chromoplexy by gGenomes 

The flow diagram demonstrates how gGenomes identifies chromoplexy from number of 

SV and their clustering (Hadi et al. 2020). 
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The main difference between gGenome calls of chromoplexy and the criteria proposed 

by Baca et al when initially defining chromoplexy is the restriction of copy number to < 3 

in the gGenome criteria. Both use discontinuous regions linked by SVs to identify chains 

of translocations (Baca et al. 2013; Hadi et al. 2020) 

 
Seismic amplifications 

 
Seismic amplifications is defined from copy number and SV thresholds (Rosswog et al. 

2021). From the consensus SV and CNV calls, seismic amplifications was called using the 

criteria proposed by Rosswog. The criteria and thresholds used are shown in Figure 12 

(Rosswog et al. 2021). From a amplified CN segments defined as copy number at least 5 

or 9 if ploidy is greater than 3. The SV within the CN segment +- 5kb are then identified 

and amplified copy number segments linked by structural SVs are combined and if there 

is at least 14 SVs in the combined segments then the region is identified at seismic 

amplifications. If the segment has < 14 SV then it is classified as other amplicon 

(Rosswog et al. 2021). 
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Figure 12 Flow diagram for classification of seismic amplifications by gGenomes 

The flow diagram shows how the thresholds described by Rosswog et al can be used to 

identify seismic amplification from CNV and SV calls (Rosswog et al. 2021). 
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Identifying Other genomic features 

 

Whole genome duplication 

Whole genome duplication (WGD) had previously been called in the cohort by other 

members of the Semple Lab using the Facets package to estimate the proportion of the 

genome which is duplicated (R. Shen and Seshan 2016). A Facets score of at least 0.75 

was called as WGD (R. Shen and Seshan 2016). 

 
Homologous recombination deficiency 

Homologous recombination deficiency (HRD) was identified by other members of the 

Ewing lab by implementing HRDetect method outlined in Davies et al. 2017. 

 
Genomic instability and cSV 

To investigate the relationship between genomic instability and cSV, the sample wide 

number and size of SV and CNV were used as a measures of genomic instability. Using a 

logistic regression model to investigate the impact of increased genomic instability on 

the risk of cSV being called. The SV or CNV measurement was centred and scaled so that 

the odds ratio of the logistic regression relates to an increase of one standard deviation 

of the measurement. 

 
Uneven distribution of cSV across the subcohorts 

The combined cohort is made up of sub cohorts of varying sizes to see if any cSV were 

more common in a sub cohort relative to its size than would be expected by chance and 

chi sq test was used. 

 
Mutational signatures and cSV 

To investigate what mutational processes may be driving the generation of cSV, the 

Starfish algorithm was utilised to classify samples based on Starfish mutational 

signatures (Bao et al. 2022). Starfish classifies samples based on copy number and 

breakpoint information into one of six classifications: micronuclei, double minute and 

ecDNA, chromatin bridges, large loss, large gain and hourglass. The first three 
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classifications are reported to be biologically meaningful mechanism of genomic 

instability (Bao et al. 2022). 

 
Co-occurrence of cSV across the combined cohort 

To investigate co-occurrence and mutual exclusivity of cSV the pairwise enrichment 

between cSV was assessed using the Select algorithm (Mina et al. 2017, 2020). Select 

used predicated null distributions bases on the prevalence of the event in this case cSV 

in the population being tested. To assess the magnitude and significance of the 

enrichment or depletion of pairwise cSV interaction a chi squared test was used. 

 
To investigate if the different cSV types were co-occuring more than expected by 

chance, pairwise interaction and hierarchical clustering of the cSV was performed. The 

significance of these clusters was tested by bootstrapping 10,000 times to test the 

robustness of the clustering. 

 
Explaining SV occurrence by cSV 

To investigate what proportion of the genomic instability could be explained by the 

investigated cSV, the overlap of each cSV type and SV was found and the number of SV 

identified, which could then be compared to the total amount of SV in the samples. 

 
In the PCAWG analysis of over 2500 tumours, clusters of SV where identified based on 

breakpoints being closer than expected by chance (The ICGC/TCGA Pan-Cancer Analysis 

of Whole Genomes Consortium (organisation/Ins et al. 2020). Clusters of SV were 

identified in the combined cohort by other members of the Ewing Lab. For a cluster of 

SVs to be explained by a cSV, it is necessary that the cSV overlaps with at least 50% of 

the SV breakpoints within the cluster. 

 
Chromosome enrichment for cSV 

A chi-square test was used to examine the enrichment of each chromosome for each 

cSV. This involved comparing the number of observed occurrences of cSV on each 

chromosome to the number of expected occurrences, which was determined based on 

the fraction of the genome encompassed by that chromosome. Furthermore, the 
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number of trials in this comparison was the total number of occurrences of cSV across all 

chromosomes. 

 
Fragile sites 

The location of fragile sites and presence of genes in fragile sites was based on the 

curated information in the HumCFS database (Kumar et al. 2019). The HumCFS database 

combines literatures searches and manual curation to identify fragile sites in the human 

genome (Kumar et al. 2019). 

 
Known oncogenes, cancer gene fusions and tumour suppressor genes 

The genes listed in the Cancer Gene Census as tier 1 or 2 were used to identify 

oncogenes in the gene list created in this work (Sondka et al. 2018). Tier 1 genes have 

documented activity and evidence of mutations relevant to cancer and have the 

strongest evidence as oncogenes (Sondka et al. 2018). Tier 2 gene have strong evidence 

for being oncogenes but not as strong as tier 1 genes (Sondka et al. 2018). This list was 

then subdivided based on the genes annotated function as oncogenes, fusion genes and 

tumour suppressor genes. 

 
Clinically Relevant Gene List 

A list of genes thought to be highly clinically relevant was manually curated by other 

members of the Scottish HGSOC collaboration (Hollis et al. 2022). This also included 

genes predicted to be important from the ARIEL studies on non-BRCA HRD (da Cunha 

Colombo Bonadio et al. 2018). 

 
Essential Genes 

The CoRe package provides a curated list of essential genes identified from multiple 

CRISPR-Cas9 screens (Vinceti et al. 2021). 

 
cSV Gene List and disrupted Gene List 

To identify the genes impacted by cSV, the overlap between the genomic position of 

cSVs and the genomic position of all protein coding genes was found using the 

GenomicRanges package for R (Lawrence et al. 2013). 
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To identify the genes that are most likely to be affected by the presence of cSV, the gene 

list was first narrowed down to genes located within a cSV region that contained at least 

one consensus SV breakpoint within the gene. However, as genes that are not disrupted 

by SVs are also of interest, a second gene list was created, the enveloped genes. This 

new list includes genes that are completely covered by a cSV and do not have any SV 

starting or ending within the gene. Some genes are never covered by any cSV in the 

combined cohort and these genes form the elusive gene list. 
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Chapter 3: Prevalence and Co-occurrence of Complex Structural Variants 

Introduction 

This chapter will investigate the patterns of complex structural variants (cSVs) in HGSOC 

by considering their prevalence and co-occurrence within and across cohorts. 

Additionally, the interdependencies between cSVs and simple structural variants along 

with other relevant genomic features such as homologous recombination deficiency 

(HRD) and whole genome duplication (WGD) will be explored. 

 
The prevalence of simple structural variants (SVs) varies widely between cancer types, 

with fewer than ten structural variants identified in myeloproliferative neoplasms 

samples and more than a thousand in soft tissue liposarcoma samples (Y. Li et al. 2020). 

In the PCAWG study of 2559 cancer whole genomes from 38 tumour types, one or more 

structural variants were found in 2429 (95%) samples with deletions being the most 

common type of SV identified (Y. Li et al. 2020). HGSOC samples in PCAWG were 

highlighted as particularly structurally complex with high numbers of tandem 

duplications, deletions and unbalanced translocations, as well as abundant but poorly 

described ‘complex unclassified’ variants (Y. Li et al. 2020). 

 
It is important to note that the accurate identification of structural variants remains an 

ongoing challenge in computational biology and can result in different structural 

variants being identified from the same whole genome sequencing (WGS) data. To 

create the highest confidence set of SVs, this work will utilise consensus SV calls. The 

consensus calls will allow for comparisons to be made between cSV types that require 

SVs called by different SV callers. 

 
Identifying cSVs based on patterns of SVs is unavoidably challenging since identifying SVs 

is an ongoing challenge in itself. However, this is compounded by the caveat that the 

identification of the patterns associated with each cSV type is an additional ongoing 

 challenge. For example, ecDNA have estimates of prevalence ranging from 85% to 14% 
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of cancer samples (Cen et al. 2022; Zeng, Wan, and Wu 2020). The range of frequencies 

observed in the literature highlights perhaps the most important caveat in the field of 

cSV research. The criteria and method used to identify the cSV has a massive impact on 

the cSVs identified, as any change in criteria and method will result in sampling from a 

different point on a spectrum of complexity. 

 
The combined cohort is the largest uniformly processed cohort of HGSOC whole genome 

sequenced samples and uses several complex structural variant callers to identify cSVs, 

which is nearly three times the number of HGSOC samples used in the PCAWG study (Y. 

Li et al. 2020). The increased size of the cohort should allow for more comprehensive 

detection of cSVs, including rarer variants. 

 
In the literature, different criteria for identifying cSV have frequently been used. For 

example, chromothripsis has been predicted simply from the presence of relatively few 

SVs identified on a chromosome (Molenaar et al. 2012; Northcott et al. 2012; Rausch et 

al. 2012; Chiang et al. 2012). Alternatively, more sophisticated patterns based on 

combinations of SVs and CNVs to determine chromothripsis have also been used 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). In order to have consistent high 

quality calls of cSV, this work is based upon a variety of recently published algorithms 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). 

 
In the literature the analysis of cSV often only focuses on one or a few types of cSVs. In 

this work, 8 cSV types have been identified within the same HGSOC samples (Cortés- 

Ciriano, Lee, Xi, Jain, Jung, Yang, et al. 2020; Cen et al. 2022). The breadth of cSV types 

identified allows for the investigation of co-occurrence and mutual exclusivity between 

cSV types. The combined cohort has also been profiled using RNAseq and annotated for 

the presence of genomic features such as HRD and WGD by other members of the 

Semple and Ewing labs, allowing the relationship between cSV and other features to be 

investigated.  

 

Recent advances in the treatment of HGSOC focus on samples that are HRD, these 
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treatment options based on PARP inhibitors have shown promising results in improving 

patient survival (da Cunha Colombo Bonadio et al. 2018). However, 44% of HGSOC 

samples in the combined cohort are not HRD and therefore cannot benefit from these 

improved treatments. The inability of tumours with HRD to repair double strand breaks 

(DSBs) using the homologous recombination repair pathway leads to structural variation 

within the tumour cell population, which may be subject to selection during 

tumorigenesis (Talseth-Palmer and Scott 2011; Pennington et al. 2014). However, the 

HGSOC samples that do not have HRD are also structurally diverse and may exploit other 

sources of genomic variation, such as the cSVs explored in this chapter. 

 
The key questions addressed in this chapter are: 

i. Prevalence: What is the prevalence of different complex structural variant types 

in the combined cohort, and does this vary across sub-cohorts? 

 
ii. Co-occurrence: Are complex structural variant types independent of each other, 

or do they show co-occurrence and mutual exclusivity? 

 
iii. Genomic features: What is the relationship between complex structural variants 

and other genomic features, such as whole genome duplication and homologous 

recombination repair deficiency? 

 
iv. Proportion: What proportion of genomic complexity can be explained by known 

complex structural variants? 

 
v. Novel complex structural variants: Is there evidence for the presence of novel 

complex structural variants based on structural variant / copy number variant 

patterns across samples? 
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High Grade Serous Ovarian Cancer is Highly Genomically Unstable and this is 

Consistent Across the Combined Cohort 

 
HGSOC is a highly genomically unstable type of cancer where there are hundreds to 

thousands of SVs and CNVs spread across a single tumour genome (Morden et al. 2021). 

The combined cohort of HGSOC examined here has been uniformly analysed but 

consists of five sub-cohorts which initially were sampled and sequenced at different 

times and from different groups of patients, potentially resulting in technical and 

biological variability. Any large differences in the landscapes of structural variants and 

copy number variants across the genome between sub-cohorts could then be 

propagated into differences in the prevalence and co-occurrence of cSVs. On the other 

hand, consistent patterns seen across sub-cohorts are likely to represent common 

features of HGSOC biology. 

 
SV and CNV were identified using multiple callers by other members of the Semple and 

Ewing Labs who also generated consensus calls for both SV and CNV. It is these 

consensus calls that are discussed below. To identify a high confidence set of structural 

variant calls, a consensus was taken from between GRIDSS and Manta callers by other 

members of the Ewing lab (Chen et al. 2016; Cameron et al. 2017; Cameron, Baber, 

Shale, Papenfuss, et al. 2019). An overlap of at least 100 bps between both SV calls was 

required for it to be called a consensus SV. A consensus was taken among copy number 

calls identified by CNVkit, CLImAT and PURPLE (Talevich et al. 2016; Yu et al. 2014; 

Cameron, Baber, Shale, Papenfuss, et al. 2019). Tacking a consensus from multiple 

callers is recommended to improve accuracy based on bench marking test (Coutelier et 

al., 2022) 

 
The burden of structural variant types is broadly consistent across sub-cohorts 

 

To investigate the consistency of the burden of structural variants across sub-cohorts, 

we assessed the differences in the abundance of each type and the lengths of 

genome impacted. The total number of each SV type as well as the total length of the 

sample covered by each SV type is shown in Figure 13. Overall, there was consistent 
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correspondence between sub-cohorts, with the highest burdens observed for 

deletions and translocations, and notably lower frequencies of duplications and 

inversions in all sub-cohorts. 

 
The SV burden by cohort was marginally different, but not significantly, for the number 

of translocation and inversions shown in Figure 13. However, the differences between 

cohorts did not reach statistical significance for the total length of sample covered by 

each SV type with deletions, duplications and inversions. The significant difference 

observed in the Kruskal-Wallis test for number of SVs in each cohort was further 

investigated using Dunn’s post-hoc analysis to identify which sub-cohorts were 

contributing to the difference. This showed that the difference observed was due to the 

SHGSOC sub-cohort having more SV of each type than the BCCA sub-cohorts, this is 

shown in Figure 13 b. 

 
Figure 13 also shows that across all sub-cohorts, the mean total length of inversions was 

greater than both deletion and duplications. Additionally, it indicates that the number of 

inversions identified in each cohort were the lowest of any SV meaning that that 

inversions are the least frequent but largest SV type. This is consistent with the 

functional impact of inversions being generally less severe than the impact of deletions, 

as expected. 
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Figure 13 The Burden of Structural Variants is Consistent Across the Combined Cohort 

a. Shows the number of consensus deletion, duplication, inversions and translocations 

within a sample grouped by sub-cohort. The P values for Kruskal-Wallis test comparing 

the number of deletions, duplications, inversions, and translocations per cohort is 

shown in red, green, blue and purple respectively. For the structural variant types that 

showed a significant difference the Dunn’s Post-Hoc analysis was performed and 

significantly different cohort combinations are shown in b. The total length of consensus 

deletion, duplication, and inversions within a sample grouped by sub cohort is shown in 

c. Translocations were excluded from this as they do not have a biologically meaningful 

length. The P values for Kruskal-Wallis test comparing the amount of the genome 
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impacted by deletions, duplications and, inversions, per cohort is shown in red, green 

and blue respectively. P values adjusted by Bonferroni correction. 

 
 

Burden of Copy Number Variants is Broadly Consistent Across Sub-Cohorts 

 

Similar to the investigation number of SVs and size of SVs between sub-cohorts, the 

numbers and total lengths occupied by consensus CNV types were examined using a 

Kruskal-Wallis test (Figure 14). The number of duplications was significantly different 

between the sub-cohorts. However, the number of deletions was not significantly 

different between sub-cohorts. As can be seen from Figure 14 b, the difference in the 

numbers of duplications between sub-cohorts is driven by the BCCA cohort. The total 

length of consensus CNV similarly showed a statistical difference between sub-cohorts 

for duplication. However, the difference for deletions did not reach statistical 

significance. Further investigation of the statistical difference between sub-cohorts using 

Dunn’s post-hoc analysis suggests that the BCCA cohort has fewer and smaller 

duplication than the other sub-cohorts. There was a consistent trend across the sub- 

cohorts, showing duplations to be more numerus and cover more of the genome. 

 
Figure 13 and Figure 14 both show consistent trends across all sub-cohort, an important 

observation from Figure 13 and Figure 14 is that the AOCS cohort did not appear to be 

significantly different from the other cohort despite it being the only cohort where 

resistant or relapsed cases were selected for WGS. Additionally Figure 13 and Figure 14 

also highlight the highly rearranged nature of HGSOC with samples containing hundreds 

of SV and thousands of CNVs. Figure 15 shows that CNV events are larger than SV 

events, and that the copy number duplications are the most common events across the 

combined cohort. 
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Figure 14 The Burden of Copy Number Variation is consistent across the Combined 

Cohort 

a. Shows the number of consensus deletion and duplication, within each sub cohort. The 

P values for Kruskal-Wallis test comparing the number of deletions or duplications per 

cohort is shown in red and blue respectively. For the structural variant types that 

showed a significant difference, the Dunn’s Post-Hoc analysis was performed, and 

significantly different cohort combination are shown in b. The total length of consensus 

deletion and duplication each sub cohort is shown in c. The P values for Kruskal-Wallis 

test comparing the number of deletions or duplication per cohort is shown in red and 

blue respectively. For the structural variant types that showed a significant difference, 
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the Dunn’s Post-Hoc analysis was performed. The significantly different cohort 

combination are shown in d. 

 

 

Figure 15 CNVs and SVs occur on different scales 

The histogram shows the size of consensus SV and consensus CNV calls within the 

combined cohort. 
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Complex Structural Variants are abundant in High Grade Serous Ovarian Cancer 

 

As stated previously, patterns of simple structural variants and copy number changes 

can be classified into different cSVs. In this section, the prevalence of eight types of 

complex structural variants will be assessed: chromothripsis, chromoplexy, ecDNA, 

breakage fusion bridge (BFB), pyrgo, rigma, tyfonas, and, seismic amplification (SA). The 

number of samples in which each cSV was identified in the combined cohort are 

presented in Table 2, together with genomic features such as WGD and HRD. 

 
Table 2 also shows the number of papers that mention each cSV type in the title or text 

and shows the disparity in how much different cSV types have been studied. Some cSV 

types, such as pyrgo, rigma and seismic amplification have only been reported in the 

publication in which they were originally described whereas, chromothripsis and BFB 

have been widely reported in hundreds of publications. It is also likely that ecDNA are 

underrepresented by this measure as they have previously been referred to by 

alternative names such as double minutes (Ilić et al. 2022). 
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 Number 
of 
Samples 

Percentage of 
the Combined 
Cohort 

Detection 
Algorithm 

Published 
Papers 

Homologous 
recombination 
repair deficient 

182 56% HRDetect 2550 

Chromoplexy 181 55% JaBba-gGenome 58 

Whole genome 
duplication 

159 49% Facets 492 

Chromothripsis 107 33% ShatterSeek 445 

Pyrgo 92 28% JaBba-gGenome 1 

Breakage Fusion 
Bridge 

86 27% JaBba-gGenome 211 

Rigma 62 19% JaBba-gGenome 1 

Extrachromosomal 
circular DNA 

53 16% AmpliconArchitect 191 

Seismic 
amplifications 

19 6% Simple thresholds 1 

Tyfonas 7 2% JaBba-gGenome 2 
 

Table 2 Prevalence of complex structural variants and other genomic features 

The table shows the number of samples with each complex structural variant and other 

genomic features as well as the algorithm used to detect it. Publications were identified 

from PubMed by searching the cSV type and restricted to papers that also mention 

cancer. The number of publications was correct as of September 2022. The cSV types 

were identified using the following algorithms: the methodology of HRDetect to identify 

homologous recombination repair deficient; ShatterSeek to identify chromothripsis 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020); JaBba-gGenome to identify 

chromoplexy, pyrgo, breakage fusion bridge, rigma and tyfonas (Hadi et al. 2020); Facets 

to identify whole genome duplication; AmpliconArchitect to identifiy extrachromosomal 

circular DNA (Deshpande et al. 2019); seismic amplifications was identified using the 

thresholds set out in (Rosswog et al. 2021). 
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Table 2 shows that the prevalence of cSV within the combined cohort can vary from 

more than half the cohort in the case of chromoplexy to two percent in the case of 

tyfonas. Consistent with these data (Table 2), PCAWG reported chromothripsis in 

roughly a third of the HGSOC samples they studied (N=110) (Cortés-Ciriano, Lee, Xi, Jain, 

Jung, Yang, et al. 2020) using the same algorithm used here (ShatterSeek). 

 
The prevalence of 16% of samples with ecDNA in the combined cohort fits well with 

previously reported ranges of prevalence across cancer types. The presence of ecDNA 

has been reported in half of all cancer types with prevalence ranging from 1.4% to 31% 

(Turner et al. 2017). Glioblastoma has been reported to have ecDNA in 60% of samples 

(Ilić et al. 2022; X.-K. Zhao et al. 2021a). Work 56ormalize the PCAWG data set reported 

that pan cancer, 14.3% of samples have ecDNA (Zeng, Wan, and Wu 2020). 

 
The genomic span of each cSV type and their overlap with simple SV and CNV alterations 

is shown in Figure 16 – Figure 18. These data examined cSVs at the sample level, since a 

sample may have multiple calls of a cSV type. ShatterSeek the algorithm used for 

detecting chromothripsis can only define a region within a chromosome meaning that 

two regions of chromothripsis on separate chromosomes even if linked by multiple 

translocations will be called as separate chromothripsis regions. However, the callers 

based upon graph-based methods (JaBba-gGenome and AmpliconArchitect) can link 

regions from multiple chromosomes via SVs and therefore, a sample level description of 

the cSV is the most comparable between cSV types. 
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Figure 16 Complex structural variants impact large genomic regions 

The total length of the genome impacted by each complex structural variants (cSV) type 

across samples impacted by that type. The median and interquartile range for each cSV 

type is shown in the table. 

 
 

Figure 16 shows the size of the region impacted by cSV within a sample where the cSV is 

present. The largest event shown was chromothripsis, with a median size of over a 100 

MB across the genome, is consistent with other methods of identifying chromothripsis in 

the literature where a single region of chromothripsis could be identified using 50Mb 

windows (Voronina et al. 2020). The large multi MB size of the interquartile ranges of all 

of the cSV types indicate substantial variation in the amount of the genome impacted by 

cSV when present, this underscores the heterogeneity of cSV of the same types in 

different samples. The general trend is that chromothripsis, BFB, ecDNA and tyfonas are 
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larger events with ecDNA having the large range of sizes while pyrgo, rigma and seismic 

amplification are smaller more focal events. However, it should be noted that the 

median size of the genome impacted by all the complex structural variant types was 

greater than 2Mbs. This highlights the large-scale rearrangements described by these 

events. Chromoplexy was excluded from this analysis as it is a chain of reciprocal 

translocation breakpoints assigned a short length by the caller, and therefore length is 

not a biologically meaningful measure. 

 
Another measure of the scale of cSVs is the number of simple SVs within the cSV, based 

upon the consensus SV calls for all SV types (duplication, deletions, inversion and 

translocations) within each cSV region (Figure 17). 
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Figure 17 Number of SV in cSV across the combined cohort 

The total number of consensus SV within a cSV region for each sample impacted by that 

cSV. A sample can have multiple calls of the same cSV across the genome. Additionally, 

the median and interquartile range of the number of SV within a cSV is also shown. 

 
 

Tyfonas has the highest median number of SV of any cSV but, as it is only present in 7 

samples and it has a large interquartile range, this could be due to small sample size. The 

number of SV and CNV in samples is often reported vaguely in the literature by 

describing events such as chromothripsis as containing tens to hundreds of SVs and 

many changes in copy number(Maher and Wilson 2013; Shorokhova, Nikolsky, and 

Grinchuk 2021). Within the combined cohort, the median number of SV in 
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chromothripsis was 19 with 14 samples containing more than 100 consensus SVs 

meaning the chromothripsis regions identified are consistent with the range suggested 

by the literature (Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020; Korbel and 

Campbell 2013). Overall, chromothripsis and BFB types account for the highest numbers 

of simple SV calls. 

 
Complex structural variants are not just combinations of SVs but frequently involve 

alterations to copy number. This means an alternative view of cSV can be defined by 

three measures: 1) the number of CNV calls within a cSV region, 2) the average copy 

number across a cSV region and 3) the maximum copy number within the cSV region. 

 
In Figure 18 a, the average copy number of a cSV per sample in which the cSV is present 

is displayed for all cSV types, including those known to involve amplifications, such as 

ecDNA, BFB, seismic amplification and tyfonas. It is clear that high copy number 

amplifications are generated disproportionately by the seismic amplification, ecDNA and 

BFB types (Figure 18 a). This tendency is also reflected in the maximum copy number 

estimates for the same cSV types (Figure 18 c). This suggests that tumours acquiring 

amplifications of particular genes or regions will be provided with more DNA by those 

cSV types. 
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Figure 18 CNV in cSV events across the combined cohort 

a The average copy number across the region identified as having a cSV within a sample. 

B The number of CNV calls. C The maximum copy number within all the regions 

identified as having a cSV within a sample. The median and interquartile range is shown 

for each copy number measure in the adjacent table. 
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Complex Structural Variant Types and General Measures of Genomic Instability 

 

As cSVs are made up of SVs and CNVs, it may be that, cSVs are more likely to be 

identified within the most genomically unstable samples containing high numbers of SV 

and CNV calls. In Figure 19, I explore two genomic instability measures and their 

influence on cSV occurrence using logistic regression. Those measures are the total 

number of SVs genome-wide predicted per sample in the combined cohort (Figure 19 a, 

b, c), and the total length of the genome encompassed by those SVs per sample (Figure 

19 d, e, f). The odds ratios represent the change in the probability of observing a given 

cSV type for a sample as genomic instability increases. For some cSVs, there is a 

relationship between genomic instability and the occurrence of cSV, such as 

chromothripsis and chromoplexy (Figure 19 a, b, c). However, for other cSV types such 

as BFB, genomic instability appears to be a very poor predictor of cSV, suggesting that 

cSV types differ in their relationship to simple measures of genomic instability. 

 
Figure 19 shows that, like chromothripsis and chromoplexy, WGD and HRD are also 

identified more often than expected by chance in the most genomically unstable 

samples. This is seen consistently across both measures of instability (Figure 19), and is 

consistent with the existing literature. HRD is known to increase genomic instability in 

tumours (Frey and Pothuri 2017; den Brok et al. 2017; Hoppe et al. 2018) and WGD has 

been shown to rapidly induce genomic instability, within the first cell cycle following 

tetraploidisation (Gemble et al. 2022). 

 
In Figure 19, genomic instability was measured in terms of genome-wide SV burden and 

compared with cSV occurrence. However, cSV calls are dependent on the presence of 

abundant SV calls, potentially creating spurious associations between cSV and SV 

frequencies. To account for this potential bias the analysis was repeated using SV 

numbers per sample, but excluding the SVs directly associated with the cSV identified in 

each sample. 

 

Figure 20 presents a similar logistic regression analysis of the associations between 



63  

genomic instability and cSV occurrence, but for measures of instability based upon 

genome-wide CNV rather than SV burdens in the combined cohort. For genomic 

instability as measured by CNV burden (Figure 20) the only significant association found 

was between the total number of CNV and the occurrence of chromothripsis. This may 

be because, as previously mentioned, chromothripsis is the only cSV type to have a 

minimum number of copy number changes as one of its requirements to be identified. 
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Figure 19 Chromothripsis and chromoplexy are associated with increased genomic 

instability measured by structural variant burden 

a and b show the number and amount of the genome covered by structural variant (SV) 

in samples in ascending order respectively and e show the presence of a cSV in a sample. 
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The order of samples is the same as in a and d. c and f show the results of a logistic 

regression model for the effect of genomic instability as measured by numbers of SV and 

size of genome covered by SV respectively. For the logistic regression, the measurement 

of genomic instability was centred and scaled. P values corrected for multiple testing 

using the Bonferroni adjustment. 

 



66  

Figure 20 Chromothripsis is associated with increased genomic instability measured by 

number of copy number variants 

a and e show the number and amount of the genome covered by copy number variant 

(CNV) in samples in ascending order respectively and e show the presence of a cSV in a 

sample. The order of samples is the same as in a and d. c and f show the result of a 

logistic regression modelling the effect of genomic instability as measured by number of 

SV and size of genome covered by SV respectively. For the logistic regression, the 

measurement of genomic instability was centred and scaled. P values corrected for 

multiple testing using the Bonferroni adjustment. 

 

The work presented in Figure 19 assumes that the number of SVs present in a sample is 

independent of the presence of a cSV. However, since the prediction of a cSV depends 

upon SVs, this assumption is not true. 

 

 

Complex 
Structural Variant 

P Value Odds Ratio Lower 
Confidence 
Interval 

Upper 
Confidence 
Interval 

Chromothripsis 0.18 1.32 1.05 1.67 

Chromoplexy 1.26x10-08 2.55 1.91 3.49 

BFB 1 0.85 0.65 1.10 

ecDNA 0.10 0.62 0.42 0.87 
Rigma 0.53 1.29 0.99 1.68 

Pyrgo 0.21 1.32 1.04 1.67 
Tyfonas 1 1.28 0.61 2.38 
SA 1 1.08 0.67 1.66 

WGD 2.64x10-04 1.33 1.07 1.68 

HRD 3.42x10-08 2.45 1.84 3.34 

 
Table 3 Chromoplexy is significantly associated with increased genomic instability 

The results of a logistic regression relating the presence of each cSV type to the number 

of SVs in the sample excluding those explained by the cSV in the sample. The number of 

SV present in the samples was centred and scaled so that the odds ratio represents an 

increase in one standard deviation of the amount of SV in a sample. P values were 

adjusted using the Bonferroni correction. 
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In the revised analysis (Table 3) which removes the SV that are part of the CSV from the 

analysis the only significant association found between genomic instability and cSV 

occurrence is for chromoplexy, which was more than twice as likely in samples with SV 

frequencies more than one standard deviation above the mean. The association of genomic 

instability with HRD and WGD also remains significant. In contrast, the original association 

with chromothripsis is weaker and no longer significant, suggesting some bias in the original 

association observed (Figure 19). This is consistent with the high numbers of SV per sample 

often found to be associated with a region of chromothripsis (Figure 17). 
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Sub-cohort differences in cSV Occurrence 

 

As previously mentioned, the combined cohort is based upon sub-cohorts generated by 

different researchers and based upon different groups of patients. For example, the 

AOCS sub-cohort was selected after patients progression that did not respond to 

treatment. It is therefore of interest to explore the differences in cSV occurrence 

between sub-cohorts. Previously we observed that the distributions of SV and CSV are 

broadly consistent across all sub- cohorts with only the BCCA sub-cohort showing some 

depletion for certain SV and CNV types when compared with the other sub-cohorts 

(Figure 13 and Figure 14). The same sub-cohort also appears to be somewhat depleted 

for cSV, and particularly chromothripsis. This is consistent with the fact that cSV 

predictions are composed of SV and CNV (Figure 21). 

 
However, there is also a significant enrichment of ecDNA within the AOCS sub-cohort, 

with ecDNA observed almost 9 times more often than would be expected by chance. 

This is an intriguing result given the reported association of ecDNA with the evolution of 

treatment resistance in multiple cancer types including ovarian cancer (Ashique et al. 

2022). 

 

The reason for the lack of chromothripsis depletion in the BCCA sub-cohort is unclear. 

Although there are no significant technical or biological differences between the BCCA 

and other sub-cohorts, it is worth considering the results from Figure 14 and Figure 20. 

Figure 14 indicates that the BCCA sub-cohort had fewer duplications than other sub- 

cohorts, while Figure 20 shows that chromothripsis was the only cSV type to have an 

increased risk in samples with more CNVs. Therefore, it is possible that the depletion of 

CNVs in the BCCA sub-cohort could explain the lack of chromothripsis depletion. 

 
Other cSV types did not show significant enrichments or depletions in sub-cohorts, 

suggesting broadly similar distributions. Although tyfonas and seismic amplification 

were identified in the combined cohort, they were omitted from this analysis as they 

were present in fewer than 20 samples. 
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Figure 21 EcDNA is Enriched in the AOCS sub-cohort 

For statistically significant results, the odds ratio is shown above the solid columns. The AOCS 
cohort was significantly enriched for ecDNA (Chi-squared test p=4.59x10-9,odds ratio of 8.67). 
Chromothripsis was found to be signif icantly depleted (Chi-squared test p-4.1x10-4, odds ratio 
of 0.18). Cohorts generating p-values greater than 0.05 are made translucent. Tyfonas and 
seismic amplification have been excluded due to being present in fewer than 20 samples. 
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Signatures of Underling Mutational Processes 

 

The mutational processes that underly most cSV are poorly understood, but a recently 

developed algorithm attempts to identify the underlying mutational process (UMP) 

signatures associated with cSV (Bao et al. 2022; Carvalho and Lupski 2016). The Starfish 

algorithm infers UMP signatures and associates them with known genomic features; 

micronuclei, ecDNA and chromatin bridges (Bao et al. 2022). In addition, the Starfish 

algorithm infers three other mutational signatures that have not yet been linked to 

known mutational processes: large loss, large gain and hourglass chromothripsis (Bao et 

al. 2022). 

 
Figure 22 shows the associations between cSV types and the inferred UMP signatures. 

The strongest co-occurrences identified were between the BFB (breakage fusion bridge) 

cSV type and the UMP signature associated with ecDNA, which co-occurred more than 

twice as often as expected by chance. This association was stronger than the 

relationship between the occurrence of the ecDNA cSV type and the UMP signature for 

ecDNA. The association between BFB and the UMP signatures for ecDNA may suggest a 

common mutational process driving the generation of ecDNA and BFB. 

 
In addition, Figure 22 also confirms previously suggested associations between cSV types 

and UMP signatures. For example, it found a weak co-occurrence between 

chromothripsis and the UMP signature associated with micronuclei (C. Z. Zhang et al. 

2015). Furthermore, Figure 22 b demonstrates that the UMP signatures detected in the 

combined cohort are distinct entities. The mutual exclusivity observed among these 

signatures indicates that they are separate and unrelated, consistent with findings in 

unrelated tumour samples (Bao et al. 2022). 

 
Although Starfish represents an important step in linking cSV to UMP, it is not without 

limitations. The metrics used to determine UMP signatures were a modified version of 

the metrics used by ShatterSeek (Bao et al. 2022). These metrics were then used to 

describe all the samples within PCAWG. The optimal number of six clusters was then 
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determined based on multiple clustering algorithms. A single-layer neural net was then 

used to group samples into the six clusters (Bao et al. 2022). The UMP was then assigned 

by comparing the cSV identified in these samples by other cSV classifiers (Bao et al. 

2022). 

 

For example, in the UMP signature termed DM and ecDNA, 64 samples had ecDNA 

identified by AmpliconArchitect (Bao et al. 2022). However, there were 309 samples 

classified as the DM and ecDNA UMP signature that did not have ecDNA identified. 

Additionally, 36 samples where AmpliconArchitect identified ecDNA were not classified 

as the DM and ecDNA UMP signature (Bao et al. 2022). This raises questions as to the 

specificity and sensitivity of Starfish. 
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Figure 22 Inferring underlying mutational processes of complex structural variants 

The observed (top number) and expected (bottom number) co-occurrence for each 

pair of cSV and mutational signatures. The complex structural variant identified in 

this work are the columns and the mutational signature and the rows. The rows 

with * are the underlying mutational process signature that are proposed to be 

biologically meaningful by the authors of Starfish (Bao et al. 2022; Carvalho and 

Lupski 2016) b. The pairwise co-occurrence of the mutational signatures within 

samples with the observed co-occurrence shown as the top number and expected 

co-occurrence shown as the bottom number. 
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The co-occurrence of complex structural variants suggest multiple evolutionary routes 

to structural diversity 

 
Multiple cSV types are often identified in a single sample, and the co-occurrence of 

chromothripsis and ecDNA has been particularly widely reported (Shoshani et al. 2020; 

Robert and Crasta 2022; X.-K. Zhao et al. 2021a). Figure 23 shows the patterns of co- 

occurrence and mutual exclusivity between cSV types in the combined cohort, as well as 

the incidence of HRD and WGD. Overall, the occurrence of multiple cSV together in a 

sample was common, with only 13 (4%) samples having no detectable cSV and 175 

(54%) samples having more than one cSV type. Figure 23 also suggests that certain cSV 

types may co-occur in samples more than expected by chance, which might result in 

clusters of samples sharing the same spectrum of cSVs (X.-K. Zhao et al. 2021b, 2021a; 

Shoshani et al. 2020) 
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Figure 23 Overview of complex structural variant occurrence across the combined cohort 

Each column represents a sample and the presence of each cSV in the sample is shown in blue. Breakage fusion Bridges (BFB), Homologous 

recombination repair deficiency (HRD) Whole genome duplication (WGD) and extrachromosomal circular DNA (ecDNA), seismic amplification 

(SA). 
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To investigate if there are clusters of complex structural variants that frequently occur 

together, hierarchical binary clustering was used with multiscale bootstrap resampling 

(Figure 24). The genomic complexity of samples was simplified to the present or absence 

of each of the CSV investigated. Although none of the clusters reached the 

recommended level of 95% support, two general groups appear to emerge. 

Chromoplexy and HRD cluster together with 86% support and the other cSV as well as 

WGD cluster together with 90% support, suggesting two broad evolutionary trajectories 

to generate structural diversity in HGSOC. 

 

 

Figure 24 Sample clustering based upon cSV occurrence 

The hierarchal clustering was done for 10000 permutations (shown on left in Red) has 

shown the approximately unbiased p-value calculated from multiscale bootstrap 

resampling. This test is reported to be superior to the commonly utilized bootstrap 

probability (shown on the right in green). Cluster support was assessed by multiscale 

bootstrap resampling (Pvclust) based upon 10000 permutations (Suzuki and Shimodaira 

2006). 
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Combination of Genomic Features Number of samples 
Chromoplexy, HRD 26 

HRD 23 
Whole Genome Duplication, chromoplexy, HRD 20 

None 13 

Whole Genome Duplication, HRD 10 

Chromothripsis, Whole Genome Duplication, chromoplexy, 
HRD 

8 

Chromothripsis, Whole Genome Duplication, HRD 8 

Pyrgo, HRD 7 
chromoplexy 7 

Chromothripsis, chromoplexy, HRD 6 

Whole Genome Duplication, pyrgo, chromoplexy, HRD 6 

Whole Genome Duplication 6 

Whole Genome Duplication, BFB 5 
Chromothripsis, Whole Genome Duplication 5 

ecDNA, Whole Genome Duplication, BFB 4 

Whole Genome Duplication, chromoplexy, BFB 4 

ecDNA, Chromothripsis, Whole Genome Duplication, 
chromoplexy, HRD 

4 

Pyrgo, chromoplexy, HRD 4 

Chromothripsis, Whole Genome Duplication, rigma, BFB 4 
 

Table 4 Recurrent combinations of cSV appear in many samples 

The table shows all the combinations of cSV that occur in more than 3 samples in the 

combined cohort. 

 
 

Although the co-occurrence of cSV, and features such as HRD and WGD is evident across 

the combined cohort (Figure 23 and Figure 24), Table 4 shows that certain combinations 

are seen much more frequently. To directly investigate the co-occurrence or mutual 

exclusivity of cSV and other genomic features, the  Select algorithm was used to 

compare the observed co-occurrence to a simulated null based on the proportion of 

observed samples with the cSV as shown in Figure 25 (Mina et al. 2017). Strikingly, this 

analysis suggests that HRD occurs exclusively from all cSV except chromoplexy which is 

weakly co-occurring but does not reach statistical significance, though often the 

magnitude of the relationships identified by Select appear to be modest. The strongest 
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exclusivity was seen for BFB, which was observed to co-occur with HRD in less than half 

the number of samples that was expected. 

 
Most cSV types show some degree of co-occurrence with WGD except for prygo and 

seismic amplifications, which are modestly under-represented (Figure 25). BFB and 

ecDNA are shown to co-occur in the same sample twice as often as the Select 

algorithm’s expectation. BFBs and ecDNA have similar defining features of amplified 

copy number and fold-back inversions. It is therefore possible that the observed co- 

occurrence of ecDNA and BFB is due to callers struggling to distinguish between the two 

types of events. Alternatively, they could be co-occurring events as proposed in the 

literature for ecDNA and chromothripsis (Shoshani et al. 2020). 
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Figure 25 Trends in cSV binary co-occurrence and mutual exclusivity 

The number at the top represents the observed overlap between the two cSV. The 

number below represents the predicted overlap between the two groups based on their 

frequency within samples. 

 
 

To further investigate the relationship between WGD and cSV, we explored the 

quantitative data underlying the binary associations displayed in Figure 25, to examine 

the relationship between the proportion of the genome doubled in a sample and the 

occurrence of cSVs (Figure 26). These data suggest that samples with WGD are more 

than twice as likely to have chromothripsis, ecDNA and BFB than would be expected by 

chance (Figure 26). Additionally, HRD occurred in less than half of the samples with WGD 

than would be expected by chance. One interpretation of this is that WGD is an early 

event which allows cells to subsequently tolerate complex disruptive rearrangements 

such as chromothripsis and survive (Boisselier et al. 2018). 
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Figure 26 The extent of WGD and cSV occurrence 

The nine panels show the proportion of the genome that is doubled (y-axis) for samples 
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with and without each cSV type and HRD (x-axis); points represent samples coloured by 

sub-cohort of origin. The table shows the association between each cSV type and the 

extent of WGD assessed using Chi-squared tests with the Bonferroni correction. WGD 

was defined as samples with greater than 75% of the genome with a ploidy of 4. 

 
Overall the general trend was that cSV were significantly enriched in sample with WGD 

occurring more than twice as often as expected by chance (Table 5). This enrichment is 

driven mostly by chromothripsis. And breakage fusion bridge (Figure 26) 

 

 

 Samples with 
WGD 

Samples without 
WGD 

Samples with cSV 142 129 

Samples without cSV 17 36 

 
Table 5 Enrichment of complex structural variants in samples with whole genome 

duplication 

Number of samples with and without complex structural variants. (cSV) and whole 

genome doubling (WGD); Fisher’s exact test p = 0.007, Lower confidence interval CI = 

1.20, Upper confidence interval = 4.64, odds ratio = 2.33 

 
 

The relationship between the extent of HRD and the occurrence of each cSV type was 

investigated analogously to WGD, exploiting the quantitative assessments of HRD 

(Figure 27). The most significant result was the depletion of BFB in HRD, such that only 

about 14% of the number of samples that would be expected by chance were observed. 

This depletion of BFB in samples with HRD has not been previously reported in the 

literature, though both HRD and BFB are known to increase genomic instability in 

tumours (Drews et al. 2022). 
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Figure 27 The extent of HRD and cSV occurrence 

The HRD score for samples (y-axis) is related to the occurrence of each cSV type (x-axis) 

in the 9 panel Figure; points represent samples coloured by sub-cohort of origin. HRD 

scores based on the mutational signature of homologous recombination repair 

deficiency were estimated using the HRDetect algorithm (Davies et al. 2017). The table 

shows the association between each cSV type and the extent of HRD assessed using Chi- 

squared tests with the Bonferroni correction. 

 
 

Chromoplexy was also found to be significantly (p=0.03) enriched in samples with HRD, 

occurring almost twice as often as would be expected by chance. A similar result of 

enrichment between chromoplexy and HRD has been previously shown in the literature 

in multiple myeloma (Ashby et al. 2018). This work defined chromoplexy as 

rearrangements within 1MB that involve at least 3 chromosomes from long read 

nanopore sequencing data and HRD was inferred from mutation in particular genes 

(TP53 and ATM) (Ashby et al. 2018). The same study also states that chromothripsis 

defined from manual curation is enriched in HRD. In contrast, in the HGSOC combined 

cohort studied here finds that chromothripsis is somewhat depleted, which may reflect 

real biological differences between cancer types or the different calling criteria 

employed in the current work and the previous study (Ashby et al. 2018). 

 
To further investigate the general trend between cSV occurrence and HRD, the 

proportion of samples with any cSV (excluding chromoplexy and WGD) was compared to 

samples with HRD (Table 6), demonstrating that cSVs are three time more likely in 

samples without HRD. This is again consistent with HRD and cSV providing divergent 

routes to structurally diverse tumour genomes. However these two routes are not 

completely distinct, with almost half of HRD samples possessing some cSV, rather they 

seem to reflect general tendencies in tumour evolution. Additionally, samples with HRD 

were significantly depleted for WGD with roughly half the number of samples expected 

by chance (Table 7). It is also notable that a minority of samples did not possess HRD or 

cSV, highlighting that our knowledge of the origins of structural diversity is incomplete. 
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 Samples with cSV Samples without cSV 

Samples without HRD 80 29 

Samples with HRD 102 113 
 

Table 6 Complex structural variant enrichment in samples without homologous 

recombination deficiency 

Samples with cSVs of any type excluding chromoplexy are three time more likely in 

samples without HRD; Fisher’s exact test p = 1.01x10-05, LCI = 1.80, UCI = 5.24, odds ratio 

= 3.05. 
 
 
 

 Samples with HRD Samples without HRD 

Samples with WGD 81 78 

Samples without WGD 106 56 

 
Table 7 Whole genome duplication is depleted in samples with homologous 

recombination deficiency 

Samples with cSVs of any type excluding chromoplexy are three time more likely in 

samples without HRD; Fisher’s exact test p = 0.018, LCI = 0.36, UCI = 0.92, odds ratio 

=0.58. 
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The role of complex structural variants in generating genomic complexity 

 

In Figure 16 – Figure 18 it was shown that cSV can encompass multi-mega base regions 

and may contain hundreds of CNVs and simple SVs. This raises the possibility that cSV 

may play a major role in generating the complex rearranged HGSOC genome. More 

specifically, we can ask what fraction of the total SVs and CNVs seen within HGSOC 

samples can be explained by the known cSV types examined above. Since our knowledge 

of cSV is likely to be incomplete, we can also estimate the SV/CNV fraction that could 

conceivably be explained by all known and unknown cSV types. As a proxy for all cSV we 

use significant clusters of SV/CNV detected using established methods, since all known 

cSV types involve clustered SVs (The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes 

Consortium (89ormalized89n/Ins et al. 2020). 

 
Proportion of Structural Variants explained by known cSV types 

 

To investigate what proportion of SV across the combined cohort could be explained by 

the presence of known cSV, the number of consensus SV within regions of a cSV were 

divided by the total number of SV identified across the combined cohort (Table 8). By 

this measure the cSV explain 13,877 consensus SV calls, or 14.56% of all SV, representing 

a small fraction of the total structural diversity present within the combined cohort. The 

proportions of SV calls of each type explained by cSV are as expected based on the 

criteria for calling each cSV type. For example, pyrgo (which is enriched for duplications) 

explains more SV duplications than deletions and inversely rigma (which is enriched for 

deletions) explains more deletions than duplications. Similarly, chromoplexy is defined 

as chains of reciprocal translations and, as expected, explains the largest proportion of 

translocations of any cSV type. 
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Complex 
Structural 
Variants 

Any SVs 
Explained 

Deletions 
Explained 

Duplications 
Explained 

Translocations 
Explained 

Inversions 
Explained 

All cSV 13877 3457 2562 4575 3279 
(14.56%) (8.87%) (10.10%) (26.78%) (23.66%) 

Chromothripsis 5972 1690 1480 887 1913 
(6.27%) (4.34%) (5.83%) (5.19%) (13.80%) 

BFB 2956 554 424 886 1091 
(3.10%) (1.42%) (1.67%) (5.19%) (7.87%) 

Chromoplexy 3648 844 0 2804 0 
(3.83%) (2.17%) (0%) (16.42%) (0%) 

ecDNA 1225 205 262 338 420 
(1.29%) (0.53%) (1.03%) (1.98%) (3.03%) 

Tyfonas 850 141 103 391 214 
(0.89%) (0.36%) (0.41%) (2.29%) (1.54%) 

Pyrgo 618 35 524 23 36 
(0.65%) (0.09%) (2.06%) (0.13%) (0.26%) 

Rigma 578 526 23 7 22 
(0.61%) (1.35%) (0.09%) (0.04%) (0.16%) 

Seismic 431 116 110 31 174 
Amplification (0.45%) (0.30%) (0.43%) (0.18%) (1.26%) 

 
 

Table 8 Proportion of structural variants explained by complex structural variants 

The number and proportion of structural variants across the combined cohort explained 

by each known cSV type. 

 

Although cSV explains a modest fraction of SVs across the combined cohort, there is 

substantial variation in the proportion explained between different samples. The 

proportion per sample was calculated (Figure 28) and was found to vary widely from 0% 

in samples that do not contain a known  cSV to 100% in one outlier sample. Overall, cSV 

explain more than 50% of SV calls in a small minority (1.85%) of samples, but the mean 

over all samples is 10.95% of SV calls explained by cSV. A similar result was found for 

CNV, where cSV explained an even smaller proportion of CNV (4.35% on average) in 

samples (Figure 29). We conclude that in spite of the often catastrophic rearrangements 

associated with cSV, they generally account for only a small fraction of the total 

structural diversity seen in any given HGSOC sample. 
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Figure 28 Complex structural variants explain a variable proportion of SV calls across 

samples 

a. The number of consensus structural variants (SVs) explained by known complex 

structural variants (cSVs) for each sample (pink) is depicted with the remaining SVs 

(blue, green) in each sample that are not associated with cSV. The graph is ordered by 

total number of SVs b. The proportion of consensus SV in each sample that are 

explained by known cSVs (pink) with the remaining SVs (blue, green) ordered by 

proportion of SV explained by cSVs. 
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Figure 29 Complex structural variants explain a modest fraction of CNV calls across 

samples 

a. The number of consensus copy number variants (CNV) explained by known complex 

structural variant (cSV) types (green) for each sample with remining CNV calls not 

associated with cSV (blue). Overall, cSV explained 15,619 CNV calls (3%) across the 

combined cohort, ordered by number of CNVs. B. The proportion of CNV in each sample 

that are explained by cSV (green) and CNV not associated with cSV (blue), ordered by 

the proportion of CNVs explained. 
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Currently unexplained clusters of SVs may represent novel cSV 

 

As mentioned previously, our understanding of cSV is far from complete. Many cSV 

types were only discovered recently (Chapter 1), most cSV callers rely upon arbitrary 

thresholding of SV and CNV data. Furthermore, the ability to resolve cSV is likely to be 

limited by the technical constraints of the short read WGS data that exists for the vast 

majority of tumour samples. This raises the question: how much more complex 

structural variation might exist in tumours? One approach to address this is to identify 

significant clusters of SV calls that cannot be explained by any known cSV type, using 

existing cSV callers. 

 
Significant clusters of SV calls were identified in the combined cohort using the same 

criteria as the ICGC PCAWG consortium which defined unexplained complex regions as 

those containing SV that were clustered more than expected (The ICGC/TCGA Pan- 

Cancer Analysis of Whole Genomes Consortium (93ormalized93n/Ins et al. 2020). This 

resulted in 904 SV clusters in total, and each cluster was then classified as ‘explained’ 

(where a known cSV call overlapped more than 50% of the SV breakpoints within that 

cluster) or ‘unexplained’ (if not). Overall, 1,429 of the SV clusters (16%) were classified 

as explained known cSV types. 
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Figure 30 Known cSV types and unexplained SV clusters across samples 

The number of structural variants (SV) clusters explained by known cSV types (blue) 

relative to the number that remain unexplained (red). An overlap of at least 50% 

between the SV breakpoints within each SV cluster was required to assign clusters to the 

‘explained’ category (16% of clusters). Samples within the combined cohort are ordered 

by number of SV clusters. B. Proportion of SV clusters in a sample explained by known 

cSV types (blue) and those that remain unexplained (red). Ordered from least proportion 

of samples explained to greatest. 
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Figure 30 shows that cSV explain a majority of the structural complexity in very few 

samples across the cohort, suggesting that novel cSV events and perhaps novel cSV 

types may be present in these data, represented as unexplained SV clusters. These 

unexplained clusters are further described in terms of their numbers of SV and cluster 

size in Figure 31 and Figure 32, and compared to the clusters assigned to each known 

cSV type. 

 

 
Figure 31 Clusters that are explained by cSV are not distinct from unexplained clusters 

Shows the length of cluster and number of SV involved in the clusters that are explained 

by different cSV types as well as the clusters that remain unexplained. With median and 

interquartile range for each measure of the cluster shown by type. 
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The number of SV and length of unexplained clusters is similar to the number of SV and 

length of clusters that are explained by cSV. Figure 31 shows that the majority of cluster 

of all classifications have relatively few structural variants. Some clusters were observed 

to have tens of SVs. The most simplistic definition of a complex structural variant is 

multiple SV clustered closer together than chance. However, the presence of 

unexplained clusters containing tens of SVs suggests that our current understanding of 

cSVs is incomplete. 

 
Clusters of SV can also be investigated by looking at the copy number within the 

clustered regions. Maximum and average copy number within these regions as well as 

any oscillation of copy number (a feature of complex mutational events involving many 

simultaneous rearrangements, such as chromothripsis) are shown in Figure 32. 

 
The majority of clusters have normal average and maximum copy number as shown in 

Figure 32. However, it is also clear that some unexplained clusters have unusually high 

amplified maximum and average copy number. Depending on the region of the genome 

that is amplified, this increased copy number could have important biological 

consequences. 

 
The majority of clusters do not show oscillation. Therefore, to investigate oscillation 

within clusters, the investigation was restricted to clusters that showed some oscillation. 

As would be expected, clusters explained by chromothripsis showed oscillation as 

oscillation of copy number which is a key characteristic of chromothripsis. However, 

other clusters, including unexplained clusters, also show evidence of oscillation. 

Oscillation of copy number was proposed by Korbel and Campbell to be unlikely to occur 

by sequential structural rearrangements and instead indicated the simultaneous 

generation of these variants clusters may have occurred in a single cell cycle (Korbel and 

Campbell 2013). The presence of unexplained clusters with tens of SV, amplified copy 

number and oscillation of copy number strongly suggests that the landscape of 

complexity is far from fully annotated. 
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Figure 32 Some unexplained cluster have features associated with single cell cycle 

catastrophic events 

The vast majority of clusters do not show oscillation therefore the Median oscillation of 

copy number is 0 but in the sample with at least 1 oscillation of copy number so the 

values represent the clusters with oscillation greater than 0. Copy number calls used for 

this analysis where the CNVkit calls as the consensus where too conservative to be 

informative for this work. 

 
 

Known cSV types may be linked by shared underlying SV calls 

 

In investigating the cSV explanations of structural variants, it became clear that some 

SVs could be explained by more than one cSV event as the same region of the genome 

can be identified as multiple cSV which could be interpreted as one region of the 

genome undergoing multiple complex events. However, as the criteria for calls of cSV 
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are not mutually exclusive it is possible that a complex region generated from one event 

is being called as two cSV events. 

 

 

Figure 33 Shared underlying SV calls between different cSV types 

In each cell in the interaction matrix, the number at the top represents the observed 

overlap of SV calls between the two cSV. The number below represents the predicted 

overlap of SV calls between the two groups based on their frequency within the 

population. Significance at the level of p < 0.05 (chi sq test) is indicated by the dark 

colours. 

 

 

Figure 31 – Figure 33 all show that the current understanding and classification of 

complex structural event is not collectively exhaustive or mutually exclusive and 

although this will be further investigated in the coming chapters, it is an important 
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though unavoidable caveat. 
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Discussion 

 

In this chapter, the prevalence and co-occurrence of eight cSV types has been explored 

across 324 whole genome sequenced HGSOC samples. By exploiting the well annotated 

nature of the combined cohort, this chapter was able to study the relationship between 

cSV and WGD and HRD. 

 
The breadth of complex structural variants identified within the combined cohort has 

allowed for a deeper investigation into a general pattern of mutual exclusivity between 

cSV and HRD, for the first time hinting at two general pathways to genomic variation in 

HGSOC. The exception to this was the enrichment of chromoplexy in samples with HRD 

which is supported by the observation of increased translocations in HRD samples, 

probably due to the alternative end joining repair pathway used by HRD samples 

(Konstantinopoulos et al. 2015). 

 
Although large numbers of clusters of SVs were identified in the PCAWG studies, the 

clusters were not investigated for the presence of key features of complexity (The 

ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium (101ormalized101n/Ins 

et al. 2020). Here, I have shown that despite the breadth of cSV identified, the majority 

of complexity within the genomes of HGSOC remains unexplained. This unexplained 

complexity often exhibits typical characteristics of complex events, such as copy number 

oscillations (Korbel and Campbell 2013). This highlights how our current patchwork 

understanding of genomic complexity is far from comprehensive of complexity within 

the HGSOC. Additionally, the proportions of total SVs explained by cSV has not 

previously been reported in any cancer type for any cSV. 

 
This chapter also demonstrated the enrichment of ecDNA within the AOCS sub-cohort 

which was selected for resistance to treatment. This sub-cohort was not significantly 

enriched for any other cSV or simple SVs. It was only through the combined analysis of 

the AOCS sub-cohort with other sub-cohorts that the enrichment of ecDNA in AOCS 
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could be determined. This highlights the value of the combined cohort approach, which 

allows for the emergence of new insights that may not have been possible otherwise. 

 
Using SV numbers as a measure of genomic instability, it was found that there is 

generally no association between genomic instability and the presence of cSV calls. This 

suggests that samples with identified cSVs are not necessarily the most genomically 

unstable. Ultimately this chapter has shown the co-occurrence of cSVs across the 

combined cohort at a sample level is not random. In the next chapter, the occurrence 

cSVs across the genome will be investigated. 
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Chapter 4: Non-Random Patterns of Complex Structural Variants Across the Genome 

Introduction 

In the previous chapter complex structural variants (cSVs) were shown to have a non- 

random distribution across samples. In this chapter the distribution of cSVs across the 

genome will be investigated to detect unexpected hotspots of cSVs and to assess the 

impact on known high grade serous ovarian cancer (HGSOC) oncogenes and tumour 

suppressors. 

 
The distribution of cSV across the genome is understudied. Some previous work has 

suggested that large chromosomes were more likely to be hit by chromothripsis. 

However, this work did not appropriately account for chromosome length (Klaasen et al. 

2022). Here for the first time, I explore the enrichment of chromothripsis and other 

known cSV types accounting for chromosome length. 

 
Utilising a previously published list of genes of clinical interest specifically in HGSOC 

(Hollis et al. 2022). As well as broader pan cancer lists of oncogenes, tumour suppressors 

and fusion genes from the Cancer Gene Census, the relationship between cSV and these 

genes of interest will be assessed (Sondka et al. 2018). 

 
The key questions addressed in this chapter are: 

i. Distribution: Are cSVs distributed uniformly across chromosomes, or are certain 

chromosomes enriched or depleted for cSVs? 

 
ii. Hotspots: Are there specific regions in the genome where cSVs occur more 

frequently than expected by chance? 

 
iii. Fragile Sites: Are cSVs more likely to occur in known fragile sites across 

chromosomes, and if so, which specific sites show the strongest association?
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iv. Oncogenes: Is there an association between cSVs and oncogenes known to be 

relevant in ovarian cancer, and if so, which specific genes show the strongest 

association? 
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Simple Structural Variants are Unevenly Distributed across Chromosomes 

 

Before investigating the distribution of cSVs across the genome, the distribution of 

structural variants (SVs) must first be assessed (Figure 34). The most enriched for total SV 

as well as each individual SV type was chromosome 19. Also enriched for total SV were 

chromosomes 8 followed by 20 and 12. Furthermore, chromosome 13 was the most 

depleted for total SV. There is a similar pattern of enrichment and depletion across the 

chromosomes for duplication and deletions. However, translocations were significantly 

depleted on every chromosome except chromosome 19 which was significantly enriched 

for translocations. 
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Figure 34 Distribution of SVs across chromosomes is not random 

Observed occurrence of SVs across chromosomes relative to expectation, based on 

chromosome length, for (a) occurrence of total SVs, (b) duplications, (c), deletions, (d) 

inversions, I translocations. Positive values (y-axis) of log odds ratios indicate relative 
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enrichment and negative values indicate depletion. Significance was assessed using chi- 

squared tests (p<0.05 after Bonferroni correction) and is indicated by solid colours, 

translucent colours indicate a lack of significance. 

 
 

The distribution of copy number variants (CNVs) across chromosomes is also non- 

random (Figure 35). Once again, chromosome 19 showed the most extreme effect size as 

it was the most depleted for total CNV SV and was also significantly depleted for CNVs of 

all types. However, the majority of chromosomes showed significant depletion (11 

chromosomes) or enrichment (7 chromosomes). 
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Figure 35 Distribution of CNV are not random 

Observed occurrence of CNVs across chromosomes relative to expectation, based on 

chromosome length, for (a) occurrence of total CNVs, (b) duplications, (c), deletions. 

Positive values (y-axis) of log odds ratios indicate relative enrichment and negative 

values indicate depletion. Significance was assessed using chi-squared tests (p<0.05 after 

Bonferroni correction) and is indicated by solid colours, translucent colours indicate a 

lack of significance. 

From Figure 34 and Figure 35 it is difficult to see if there is any relationship between the 

enrichment of SVs and CNVs across chromosomes. To investigate this, the enrichment of 

SVs and CNVs per chromosome was assessed (Figure 36). A strong positive correlation 
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between enrichment of total SVs and total CNVs was observed. However, chromosome 

19 is an outlier showing the greatest enrichment of SV and the greatest depletion of 

CNVs. 

 
Despite the strong positive correlation between total SV and CNV (Figure 36 b) shows a 

weaker but still significant negative correlation between enrichment of SV deletions and 

CNV deletions. The strong positive correlation of total SV and CNVs is driven by the 

strong positive correlation between SV and CNV duplications as shown Figure 36 c. The 

enrichment of duplication SVs and CNVs also showed that chromosome 19 was an 

outlier being enriched for SV and depleted for CNVs. Chromosome X was the most 

depleted for SV and CNV duplications. In the previous chapter it was shown that there 

are many more duplication than deletions (Figure 15). This difference in the quantity of 

deletions and duplications may explain why the total trend more closely follows the 

trend in duplications than deletions. Alternatively, it may be that SV callers encounter 

technical difficulties in calling deletions where larger CNV mediated deletions are also 

present, and these difficulties are less severe for duplications. 

 



110  

 

Figure 36 Correlated occurrence of SVs and CNVs within chromosomes 

Log odds of SV and CNV occurrence per chromosome (as in Figure 34 and Figure 35) 

indicating enrichment (positive values) or depletion (negative). 
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Enrichment of Complex Structural Variants on Chromosomes 

 
To investigate the distribution of cSV across chromosomes, the regions of each 

chromosome impacted by cSV across the combined cohort was plotted and shown in 

Figure 37. A build-up of chromothripsis on chromosome 1 and 19 (Figure 37a), 

additionally ecDNA (Figure 37b) and BFB (Figure 37c) show a build of cSV regions on 

chromosome 19. Notably, chromosome 16 did not display any regions of chromothripsis, 

as seen in Figure 37a. Pyrgo, rigma, tyfonas, and seismic amplification did not show a 

build-up of event on chromosome 19. However, it is challenging to determine from 

Figure 37 if the enrichment of cSV on chromosomes is significant. 
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Figure 37 Evidence for cSV hotspots at multiple regions across the genome 

For three complex structural variants (cSVs) types; chromothripsis, ecDNA and Breakage 

Fusion Bridge the region covered these cSV across each chromosome is shown in blue in 

a, b and c respectively. The height of peaks represent the number of samples where cSV 

regions overlap across the chromosome. The coverage is scaled so the most overlapped 

region fills the space between chromosomes. 
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Figure 38 Not all complex structural variants are enriched on chromosome 19 

Observed occurrence of cSVs across chromosomes relative to expectation, based on 

chromosome length, for (a) occurrence of breakage fusion bridge, (b) chromothripsis, (c), 
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ecDNA, (d), chromoplexI(e), ,rigma, (f), pyrgo, (g), tyfonas, (h), seismic amplification. 

Positive values (y-axis) of log odds ratios indicate relative enrichment and negative 

values indicate depletion. Significance was assessed using chi-squared tests (p<0.05 after 

Bonferroni correction) and is indicated by solid colours, translucent colours indicate a 

lack of significance. 

 
To further investigate enrichment of cSV on chromosomes, the proportion of cSV on 

each chromosome was compared to the proportion of the genome that the 

chromosome comprises (Figure 38). Chromosome 19 shows significant enrichment for 

chromoplexy, chromothripsis, breakage fusion bridge (BFB) and ecDNA events. Their 

respective odd ratio shows their enrichment to be 2.5, 9.8, 5.3, 8.6 times more than 

would be expected based on chromosome length. However, not all types of cSV were 

enriched on chromosomes 19. 

 
Pyrgo and rigma are most enriched on chromosome 20. Their respective odd ratio 

showing their enrichment to be 2.9 and 4.1 times what would be expected based on 

chromosome length shown in Figure 38. Additionally, pyrgo displayed enrichment on 

chromosomes 11 and 17, with an odd ratio of 2.6 and 2, respectively, suggesting that it 

was 2.6 and 2 times more likely to occur on those chromosomes than expected by 

chance. 

 
Although tyfonas and seismic amplification do show enrichment, the low number of 

samples in which these events are identified limits the extent to which their enrichment 

is informative. Despite only being called in a few samples, the enrichment for seismic 

amplification on chromosome 8 did reach statistical significance. 

 
Depletion of cSV on a chromosome can also be identified using the odds ratio. Although, 

depletion cannot be calculated on chromosomes where the cSV are never observed, it 
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can be estimated by comparing a chromosomes of a similar length with one cSV 

identified on it. For example in Figure 38, it is shown that chromosome 16 is never 

observed to have chromothripsis on it. However chromosome 15, which has a similar 

length to chromosome 16, has 0.1 times (or 10%) the amount of chromothripsis that 

would be expected by chance based on chromosome length. But, chromosome 15 does 

not reach statistical significance for depletion of chromothripsis. 

 
In chapter 3 the enrichment of cSV in samples with WGD was discovered (Table 5). 

Samples with cSV impacting chromosome 19 were significantly enriched in samples with 

WGD and occurred more than twice as often as would be expected by chance (Table 9). 

 

 
 Samples with WGD Samples without WGD 

Samples with cSV on 
chromosome 19 

63 42 

Samples without cSV 
on chromosome 19 

79 140 

 
Table 9 Whole genome doubling and complex structural variants impacting 

chromosome 19 

The number of samples with and without whole genome duplications (WGD) and 

complex structural variants (cSV) impacting chromosome 19. A fisher exact test was 

used to test significance p = 7.16x10-5, lower confidence interval 1.60, upper confidence 

interval 4.41 and odd ratio of 2.65. 

 
 

Some sites within the genome are more susceptible to breakage than others, these 

fragile sights are not evenly distributed across the chromosome and could offer a 

potential explanation for the uneven distribution of cSVs (Kumar et al. 2019). By 

exploiting the HumCFS database of common fragile sites, the enrichment or depletion of 

fragile sites across chromosomes can be investigated (Kumar et al. 2019). Figure 39 a 

shows the enrichment and depletion of fragile sights across the chromosomes. The 

chromosome with the greatest significant enrichment of fragile sights is chromosome X 

followed by chromosome 19. It is tempting to speculate that chromosome 19 is enriched 
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for certain cSV types due to the enrichment of fragile sights however, chromosome X 

showed greater enrichment of fragile sites and did not show enrichment for any cSV 

type (Figure 38). 

 

In Figure 39 b and Figure 39 c the enrichment of fragile sights is compared with the 

enrichment and depletion of CNVs and SVs. In both cases there was no trend between 

fragile sight and CNV or SV enrichment was observed except chromosome 19 which 

appears to be an outlier.  
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Figure 39 Enrichment of fragile sites across chromosomes 

Observed occurrence for fragile sites from the curated database HUMcfs (Kumar et al. 

2019) across chromosomes relative to expectation, based on chromosome length (a). 

The enrichment and depletion of chromosomes for fragile sites was tested using a Chi- 

squared test a. To more clearly show depletion, the log of the effect size (odds ratio) is 

used where positive values indicated enrichment and negative value indicate depletion. 

Significance is indicated by solid colours. The relationship between enrichment or 

depletion of fragile sights and enrichment or depletion of CNV b. The relationship 

between enrichment or depletion of fragile sights and enrichment or depletion of SV c. 
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Positive values indicate enrichment and negative values indicate depletion. 

 
Figure 37 and Figure 38 have both shown an enrichment of chromothripsis on 

chromosome 19 and 1. It has been reported that larger chromosomes are more likely to 

be impacted by chromothripsis based on normalizelising single cell sequencing of 

multiple diploid cell lines and organoids including HeLa (Klaasen et al. 2022). However, it 

was not clear that this adequately accounted for the fact that the size of a 

chromothripsis region is proportionate to the size of the chromosome on which it 

occurs. Nevertheless, Figure 38 shows significant enrichment on chr 1 and 19, the 

largest chromosome and one of the smallest chromosomes respectively, which 

contradicts the overall correlation with chromosome size reported (Klaasen et al. 2022). 

 
Closer examination of the known cSV events on chromosome 19 revealed a catastrophic 

landscape of combined intense SV and cSV activity (Figure 40) with focal enrichments of 

various SV classes and cSV events in the neighbourhood of the CCNE1 locus. It seems 

likely that the local increase in SV breakpoint densities seen at this locus is driven by 

increased chromothripsis, ecDNAs and BFBs (Figure 40). The gene, CCNE1 is a known 

oncogene in HGSOC, reported to be amplified (CN>=5) in~20% HGSOC cases and impact 

survival (Sapoznik et al. 2017). Importantly, the literature suggests that recurrent 

amplifications of CCNE1 drives tumourigenesis in HGSOC and this is also evident in the 

combined cohort (Figure 41). The amplification of CCNE1 (CN>=5) is found in 20.01% of 

samples and a fraction of these (43%) are associated with cSVs such as chromothripsis, 

ecDNAs and BFBs (Figure 41). It also appears that BFBs are associated with higher copy 

number amplifications of CCNE1 (Figure 41) which may be of clinical significance. 
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Figure 40 Alignment of complex structural variants and structural variants hotspots on 

chromosome 19 

Hotspots of complex structural variants (cSV) and structural variants (SV) density across 

chromosome 19 with the red line indicating the location of known HGSOC oncogene 

CCNE1. Regions of chromosome 19 overlapped by chromothripsis are shown in green. 
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The number of samples in which chromothripsis overlaps a region, is shown by the 

height of the green peak in a. Regions of chromosome 19 overlapped by breakage fusion 

bridges are shown in black. The number of samples in which breakage fusion bridges 

overlaps a region, is shown by the height of the black peak in b. Regions of chromosome 

19 overlapped by ecDNA are shown in blue. The number of samples in which ecDNA 

overlaps a region, is shown by the height of the blue peak in c. the density of genes 

across chromosome 19 is shown in d. The density of SV of all types across chromosome 

19 is shown in e. The density of SV by each SV type is shown in f, g, h and i for deletions, 

duplications, inversions and translocations respectively where 1 represent maximum 

density on chromosome 19 and 0 represent the minimum density. The fragile sites 

located on chromosome 19 are shown in j. Density was calculated for each feature using 

non overlapping one megabase windows. 

 
 

Figure 40 shows a peak of chromothripsis, BFB and ecDNA, total SV density as well as a 

peak of density for all SV types on or near the location of CCNE1- a gene widely reported 

to be amplified and important in HGSOC (Sapoznik et al. 2017; Petersen et al. 2020; Mei 

et al. 2023; Kroeger and Drapkin 2017; Raab et al. 2020). To investigate the link between 

copy number amplification of CCNE1 and cSV, the copy number of CCNE1 amplified by 

BFB was compared to simple amplification of CCNE1 in Figure 41 a. The amplification of 

CCNE1 by BFB was significantly greater than amplification of CCNE1 by other sources 

(Figure 41 a and c). Interestingly in the combined cohort ecDNA and chromothripsis only 

overlap amplified CCNE1 in the presences of BFB overlapping CCNE1 (Figure 41 b). 
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Figure 41 Amplification of CCNE1 by known cSV s 

(2018) (a) The copy number of CCNE1 amplified by breakage fusion bridges (BFB; 

median CN=8, IQR=6.25) or simple (CN=3.5, IQR=2) amplification differs significantly 

(Wilcoxon test). (b) Copy number of CCNE1 amplified by any combination of cSV or 

simple CNV events. c) The proportion of samples possessing simple (red) or BFB 

(blue) mediated amplifications of CCNE1 is related to the resulting copy number of 

the amplification event. 
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When tested the overlap between BFB and CCNE1 occurred significantly (P = 0.0002) 

more than would be expected by chance (Figure 69 in Appendix). 

 
Recurrent disruption of genes by cSV is common in HGSOC 

 
Before further investigating the impact of cSV on genes, the impact of simple SV on 

genes must be assessed. Across the combined cohort, how frequently a gene is 

disrupted was assessed by counting the number of samples where at least one 

breakpoint of an SV is located within the gene. This was done for all SV types combined 

and individually (Figure 42). 

 
The most recurrently hit gene by all SV types (Figure 42 a) was LSAMP with 133 samples 

(39%) having at least one breakpoint within the gene. This was driven by deletion SVs 

where 113 samples had at least one breakpoint of a deletion within the gene (Figure 42 

b). LSAMP has been proposed as a novel tumour suppressor in osteosarcomas and the 

re-expression LSAMP has been shown to inhibit tumour growth in ovarian cell lines 

(Barøy et al. 2014; Kresse et al. 2009). 

 
A gene that is disrupted in fewer samples but is highly studied is ERBB4 (Figure 42 c) 

which was found to be disrupted in 66 (19%) samples and has previously been reported 

to have a breakpoint of unknown significance in the tumour of a patient with HGSOC 

(Nath et al. 2021). Additionally, the expression of ERBB4 has been reported to be 

greater in HGSOC tumours that are resistant to platinum treatment which will be further 

investigated in the next chapter (Saglam et al. 2017). 

 
The recurrence of all SV types and deletions also highlights DMD gene which was 

impacted in 76 (22%) and 53 (15%) samples respectively. DMD has been reported to be 

a novel biomarker for ovarian cancer where it was suggested that DMD expression had a 

relevant role in the pathogenesis in HGSOC (Farinella et al. 2022). 
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Figure 42 Genes recurrently disrupted by SVs 

The number of samples in which at least one consensus structural variant (SV) 

breakpoint is within an exonic or intronic portion of a gene for each type of SV. A 

Spearman’s correlations was used to test the correlation between recurrence and gene 

length for genes disrupted by all SV types Spearman’s correlation = 0.74 p <2.20x10-16 (a 

i), genes disrupted by deletions Spearman’s correlation = 0.62 p <2.20x10-16 (b i), genes 

disrupted by duplications (c i), genes disrupted by translocations Spearman’s correlation 

= 0.57 p < 2.2e-16 (d i), genes disrupted by inversions Spearman’s correlation =0.41 p < 

2.2e-16 (e i). The most disrupted genes for each SV types are shown in the table below 

each graph (a ii, b ii, c ii, d ii, e ii). Additionally, the table shows the number of 

publications for results for the gene name and cancer found on Pubmed (September, 

2022). Genes within fragile site is based on (Y. Li et al. 2020) 
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Recurrent duplications also impacted notable genes particularly NF1 which was 

disrupted in 22 (6%) samples. Interestedly, NF1 inactivation is thought to be beneficial to 

the tumour in HGSOC (Norris et al. 2018). Another gene impacted by duplications 

recurrently in 23 (7%) samples is FHIT. Similar, to NF1, FHIT disruption has been reported 

to be an important molecular event in HGSOC (Ozaki et al. 2001). This may suggest that 

disruption of a gene by a duplication breakpoint is as disruptive as by a deletion 

breakpoint. 

 
However, it is important to note that not all genes that are recurrently disrupted will be 

tumour suppressor genes. Many will simply be genes which a tumour cell can tolerate 

being disrupted for examples LRP1B disrupted in 22 (6%) samples in the combined 

cohort has also been reported to be one of the most frequently mutated (by SNV) gene 

in ovarian cell line experiments (Yamulla et al. 2020). But, knocking out LRP1B did not 

increase transformation rates of the cell lines (Yamulla et al. 2020). 

 
Understanding the consequence of a SV breakpoint being within the gene is an ongoing 

problem within the field (Weischenfeldt et al. 2013). A small disruption contained 

entirely within an intron may still yield functional protein yet a similar sized SV covering a 

exon may result in a non-functional protein. To investigate if recurrence was driven by 

SVs which were unlikely to impact the protein, the SVs impacting LSAMP were assessed 

Figure 43. 
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Figure 43 Many SV deletions impact LSAMP exons 

There are 634 breakpoints within the LSAMP gene from 133 samples and only 2 samples 

had a breakpoint within the exon of the LSAMP gene. 76 samples had a consensus SV 

deletions spanning an exon of LSAMP. The gene shown at the bottom with exons are 

shown in black in the gene with introns in white. SV deletions are shown in red one 

sample per row. 
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Only 2 samples had a breakpoint within in LSAMP exons. Out of all samples, only 133 

samples had at least one breakpoint within the introns of LSAMP which makes up ~ 99 % 

of the genes total length. In 76 samples deletions span at least one exon making it highly 

likely to be disruptive. 
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The vast majority of Genes are overlapped by Complex Structural Variants 

 

As shown in Figure 44, the majority (84%) of protein coding genes were covered at least 

once by a cSV in the combined cohort. This means that less than 4000 genes were never 

covered by a cSV. Chromothripsis covered the most genes of any cSV type, covering 76% 

of protein coding genes. 

 
As cSV regions can be megabases in length, some genes may be completely covered by a 

cSV without being directly impacted by a breakpoint. To identify the gene most likely to 

be disrupted by cSV, only genes coved by a cSV at least once and containing a 

breakpoint within the gene were decribed as disrupted Figure 44c. The number of genes 

disrupted by cSV is much smaller than the number of genes overlapped by cSvs. 
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Figure 44 Genes affected by complex structural variant events 

(a) The number of protein coding genes encompassed within a cSV in at least one sample 

is shown for all cSV types relative to all protein coding genes overlapped by any cSV at 
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least once. (b) Schematic for affected genes, including ‘disrupted’ genes which are 

interrupted by at least one SV breakpoint within the span of the gene, and ‘enveloped’ 

genes which are completely encompassed by a cSV but do not contain a SV breakpoint. 

(c) The number of protein coding genes directly disrupted by cSVs in at least one sample is 

shown for all cSV types. 

 
The Impact of cSVs on Clinically Relevant Genes 

 

From the curated list of genes thought to be of clinical relevance in HGSOC, the number 

of samples in which each gene is overlapped by a cSV to any extent was identified 

(Figure 45) (Hollis et al. 2022). The majority of cSV types do not overlap clinically 

relevant genes. However, certain genes were notable: BFBs commonly overlapped 

CCNE1 (24 samples) and chromothripsis often overlapped RAD54L (20 samples). Beyond 

this, it is notable that most genes in this list were overlapped by chromothripsis to some 

degree across the cohort. 

 
The cSV gene pair that overlapped the most was BFB overlapping CCNE1 in 24 samples. 

Additionally, CCNE1 was overlapped by ecDNA in 7 samples and amplification of CCNE1 

by ecDNA has been reported to be important in tumour development (X.-K. Zhao et al. 

2021a). 

 

 

Figure 45 Clinically relevant genes and complex structural variant events. 

The number of samples where each cSV type overlaps clinically relevant genes in the 

combined cohort. The clinically relevant genes where selected based on their reported 

importance in HGSOC (Hollis et al. 2022). The cells are colored from red for low overlap  
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to blue for high overlap between cSV and Genes.  

To compare the overlap of cSV with clinically relevant genes and selected genes for 

further analysis by circular permutations the recurrence of overlap between cSV and all 

protein coding genes was assessed Figure 46. CCEN1 is one of the most recurrent genes 

impacted by BFB being overlapped in 24 (7%) samples Figure 46 c and d. The DNA repair 

gene, RAD54L, was recurrently overlapped by chromothripsis in 20 (6%) samples. MYC 

was overlapped by BFB in 9 (2%) samples the significance of this is hard to asses so 

circular permutation, which allows for random sampling of regions across a chromosome, 

will be used for further investigation 
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Figure 46 Clinically relevant genes show unusual patterns of cSV recurrence 

Recurrence of cSV events in clinically relevant HGSOC genes of interest (red lines) 

relative to the recurrence seen in all protein-coding genes. (a,b) The recurrence of 

chromothripsis at all protein coding genes with outlier HGSOC genes of interest indicated 

(c,d) The recurrence of BFBs at all protein coding genes with outlier HGSOC genes of 

interest indicated. (e,f) The recurrence of pyrgo at all protein coding genes with outlier 

HGSOC genes of interest indicated. (g,h) The recurrence of typhonas at all protein coding 

genes with outlier HGSOC genes of interest indicated. (i,j) The recurrence of rigma at all 

protein coding genes with outlier HGSOC genes of interest indicated. (k,l) The recurrence 

of seismic amplification at all protein coding genes with outlier HGSOC genes of interest 

indicated. (m,n) The recurrence of ecDNA at all protein coding genes with outlier HGSOC 

genes of interest indicated. 



143  

Enrichment of Pan-cancer Gene Lists in cSV 

 

To identify the genes that are most likely to be affected by cSVs, I narrowed down the 

disrupted gene list by only including genes that have some overlap with a cSV and at 

least one breakpoint within the gene region. As illustrated in Figure 46 c, this resulted in 

a reduction of the number of genes present in the disrupted gene list. 

 
Due to the size of some cSV it is possible for a gene to be completely overlapped by a 

cSV and yet contain no breakpoints within the genes. The genes that had any overlap 

with a cSV and no breakpoints within the genes were collated into the enveloped gene 

list. As can be seen from Figure 44 fewer than 4000 protein coding genes were never hit 

by any cSV in any sample in the combined cohort. These genes were collated into the 

elusive gene list. 

 
Beyond known HGSOC genes, there are a variety of other curated pan-cancer gene lists 

of interest. I examined the COSMIC curated cancer gene census (CGC) list and a dataset 

of genes found to be essential in cell lines for enrichment of cSV events (Sondka et al. 

2018; Vinceti et al. 2021). A number (N=578) of oncogenes, cancer fusion genes and, 

tumour suppressor genes were defined by CGC annotation, while (N=542) essential 

genes were determined by the results of CRISPR-Cas9 screens from the DepMap 

database (Vinceti et al. 2021; Sondka et al. 2018). The genes examined were subdivided 

into disrupted genes (containing a SV breakpoint), enveloped genes (encompassed by 

cSV but not containing a SV breakpoint) and elusive genes (not impacted by cSV in any 

sample) (Figure 47). 
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Figure 47 Pan-cancer gene lists and complex structural variant types 

Heatmap of the enrichment or depletion of disrupted/enveloped pan-cancer CGC genes 

and DepMap essential genes with enrichment/depletion indicated by cell colour and the 

large number. Within each cell, the odds ratio is indicated with the (chi-squared) 

significance of enrichment/depletion for genes from that list in the smaller number. Only 

combinations with at least ten genes shared between the cSV and gene list were tested. 
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For the essential genes the only significant result is that regions of chromothripsis show 

modest but significant depletion for essential genes. This implies a weak bias against the 

disruption of essential genes by chromothripsis. 

 
The only significant result for ecDNA was for enveloped oncogenes. Meaning these 

genes are highly likely to be functional and amplified by the ecDNA. No pattern was 

found between the elusive genes and pan-cancer gene lists, including the essential 

genes. This is consistent with the result for chromothripsis, in that any selection to 

preserve essential genes appears to be weak. Further analysis of the impact of these cSV 

on genes and subsequent impact on survival will be done in the following chapter. 
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Discussion 

 

In this chapter, my objective was to explore the patterns and distribution of cSVs 

throughout the genome. To achieve this goal, I analysed 324 samples of HGSOC. 

Through this analysis, I was able to study the distribution of multiple types of cSVs 

across the genome and identify trends that might have been overlooked in prior studies 

due to smaller sample sizes and fewer identified cSVs. 

 
This chapter has shown that cSVs are not uniformly distributed across chromosomes, 

with some chromosomes displaying higher levels of cSV enrichment than others. The 

breadth of cSV assessed allowed chromosome 19 to emerge as a hotspot of multiple 

cSVs. PCAWG reported enrichment of chromothripsis on chromosomes 3 and 5 in kidney 

renal cell carcinomas and chromosome 12 in liposarcomas, which had been previously 

reported (Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020; Garsed et al. 2014; 

Mitchell et al. 2018). However, it is unclear how enrichment was calculated and if 

chromosome length was taken into account by PCAWG (Cortés-Ciriano, Lee, Xi, Jain, 

Jung, Zhang, et al. 2020). PCAWG did not report any enrichment of chromothripsis on 

chromosome 19. The investigations into ecDNA in the PCAWG dataset focused on 

enrichment of oncogenes but did not report enrichment at a chromosomal level (Kim et 

al. 2020). Because, the combined cohort contained nearly three times as many samples 

of HGSOC (n=324) than PCAWG (n=109) and because a wider range of cSV have been 

investigated, the pattern of a hotspot of cSV on chromosome 19 could be identified in 

this work. 

 
The presence of fragile sites on chromosome 19 does not fully explain the result as 

although chromosome 19 was one of the few chromosome enriched for fragile sites, the 

chromosomes with the greatest enrichment for fragile sites was chromosome X which 

did not show the same enrichment for multiple cSV types. A study in 2015 revealed that 

fragile sites in prostate cancer were not associated with an increased incidence of 

chromothripsis (Kovtun et al. 2015). 
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Chromothripsis , BFB and ecDNA all had peaks of recurrence on or close to the known 

oncogene CCNE1 on chromosome 19. It was demonstrated that SVs and CNVs were 

unevenly distributed across chromosomes, with chromosome 19 being an outlier. 

Specifically, chromosome 19 was found to be enriched for SVs but depleted for CNVs. 

 

In addition to this, enrichment of multiple cSV types on chromosome 19 where CCNE1 is 

present and overlapping the oncogene loci were observed. Amplification of CCNE1 has 

been proposed to be a key driver gene in HGSOC tumour development (Raab et al. 2020; 

Petersen et al. 2020; Gorski, Ueland, and Kolesar 2020). For the first time BFB has been 

shown to amplify the copy number of CCNE1 more than simple amplification. Moreover, 

while other types of cSVs types such as, ecDNA have previously been linked to the 

amplification of CCNE1, it was only observed that these cSVs overlapped with CCNE1 

only when BFB events also overlapped with CCNE1 in the combined cohort. (X.-K. Zhao 

et al. 2021b; Turner et al. 2017; Nikolaev et al. 2014). 

 
The impact on survival of the amplification of CCNE1 will be investigated in the next 

chapter. Additionally, the survival and gene expression effects of all the cSV identified 

later in this work. 
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Chapter 5: Linking Complex Structural Variation to Gene Expression and Survival 

Introduction 

In the previous chapters, complex structural variants (cSVs) were shown to have a non- 

random distribution across sub-cohorts, chromosomes, and to occur at high frequencies 

at the locus of the known oncogene CCNE1. In this chapter, I will compare samples with 

and without cSVs to assess the effects of cSV types on gene expression and patient 

survival time after diagnosis. 

 
The impact of cSVs on gene expression has been inconsistently studied across cSV types, 

since few studies have examined more than a single type. Many cSV types, such as 

ecDNA, chromothripsis, BFB, and seismic amplification, have been reported to increase 

gene expression of individual genes in some samples. (Z. Li et al. 2022; Shoshani et al. 

2020; Bianchi et al. 2019; Rosswog et al. 2021). In this chapter, I will investigate the 

broad effect of eight cSV types on the expression of all protein coding genes using 

consistent, statistically rigorous methods. 

 
The reported impact of cSV on survival varies by cSV type and cancer type, and as with 

studies of gene expression, studies of survival have adopted different methods in 

varying collections of tumour types. Studies of ecDNA encompassing many tumour types 

have reported worse survival for patients with tumours containing ecDNA (Adelman and 

Martin 2021; Kim et al. 2020; Robert and Crasta 2022; Shah et al. 2021; Bailey et al. 

2020), but the survival impacts of most other cSV types are less well studied. Studies of 

chromothripsis have been contradictory, with reports of associations of better and 

worse survival (Fontana et al. 2018; Forment, Kaidi, and Jackson 2012; Kloosterman, 

Koster, and Molenaar 2014; Magrangeas et al. 2011; Molenaar et al. 2012; Skuja et al. 

2017). Furthermore, it should be noted that cSV of the same type are usually far from 

identical and exist on a severity spectrum, related to the size of the events and the 

number of SVs involved. The survival impacts of cSV across a range of severity is 

understudied, but will be explored in this chapter. 
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The key questions to be addressed in this chapter are: 

i. Survival: Does the presence of different complex structural variant types found in 

the combined cohort have a consistent impact on survival, or are some types 

associated with better or worse outcomes? 

ii. Gene Expression: Do complex structural variant types consistently alter gene 

expression, and are there differences in these alterations depending on the type 

of the complex structural variant? 

iii. Variation of Severity: How does the severity of complex structural variant events 

impact survival? 
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Differences in Survival between the Four Sub-cohorts 

 
Before investigating the effect of cSV on survival and gene expression the differences on 

survival in the four sub-cohorts was assessed. To investigate if there are any differences 

in survival between these sub-cohorts, the survival time after diagnosis was viualised 

using a Kaplan-Meier survival curve (Figure 48a) and tested using a Cox proportional 

hazard model adjusting for age at diagnosis, stage at diagnosis, homologous 

recombination deficiency (HRD) status, and whole genome duplication (WGD) (Figure 48 

b). The survival curves show that the TCGA and AOCS sub-cohorts have worse survival 

than the BCCA and SHGSOC sub-cohorts (Figure 48a). The AOCS and TCGA sub-cohorts 

have a significantly increased risk of death (P= 0.003, HR= 1.79 and P= 0.027, HR= 1.67 

respectively) compared to the SHGSOC (Figure 48 b). This shows that there is a 

significant effect of sub-cohort membership on survival in the combined cohort and so 

this will be adjusted for in subsequent analyses. 
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Figure 48 Survival and Cohort 

Kaplan-Meier survival curve for time after diagnosis (a) for four each of the sub-cohorts; 

SHGSOC (blue), BCCA (red), TCGA (purple), and AOCS (green). (b) A Cox proportional 

hazards model comparing the survival of the sub-cohorts adjusting for age, stage at 

diagnosis, HRD status, and WGD; a hazard ratio of 1 (no effect) is shown by a dashed 

line. Multiple testing (Benjamini and Hochberg 1995) correction was performed on all p 

values. 

 
 

Survival Impact of the Most Disrupted Gene 

 
In chapter 4, LSAMP was shown to be the most SV disrupted gene. Lower levels of 

LSAMP expression have been reported to be linked to shorter survival times in 

osteosarcoma patients and a study reported that its re-expression can inhibit tumour 

development in cell line experiments (Barøy et al. 2014; Kresse et al. 2009). To 

investigate if disruption of LSAMP impacts patient survival in HGSOC, samples with SV 

disrupted LSAMP were compared to samples without disrupted LSAMP. Samples with 

disrupted LSAMP appear at first sight to have shorter survival times after diagnosis 

(Figure 49a). However when modelled the effect on survival time is modest and does 

not reach statistical significance once adjusted for age, stage at diagnosis, HRD status, 

and WGD (Figure 49b). This suggests that the difference observed in the Kaplan-Meier 

plot can be explained by the covariates included in the Model. 
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Figure 49 Expression of LSAMP and survival 

Kaplan-Meier survival curve for time after diagnosis (a) for samples with (Blue) and 

without (Red) the LSAMP gene disrupted by an SV. (b) A Cox proportional hazards model 
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comparing samples with and without SV disrupted LSAMP adjusting for age, stage at 

diagnosis, HRD status, and WGD; a hazard ratio of 1 (no effect) is shown by a dashed 

line. Multiple testing correction (Benjamini and Hochberg, 1995) was performed on all p 

values. 

 

Amplification and Depletion of Chromosome Arms 

 
Since many cSV events are large, sometimes encompassing entire chromosomes, it is of 

interest to explore the survival effects associated with other large-scale somatic 

alterations. Work conducted by Ailith Ewing utilising GISTIC (Mermel et al. 2011) shows 

there was significant recurrent amplification or depletion affecting 29 chromosome 

arms. In Chapter 3, chromosome 19 was found to be enriched for multiple cSV types and 

was also the only chromosome with both arms significantly amplified and depleted in 

the GISTIC data. The survival impacts of all chromosome arms showing significant 

amplification or depletion was tested, but none of these recurrent events had a 

significant effect on survival time (Figure 77 in appendix). 

 
Gene Expression and Survival Impacts of Whole Genome Duplication 

 

Another common large-scale somatic alteration in tumours is WGD, and in chapter 3 

WGD was found to be present in nearly 50% of the combined HGSOC cohort. It has been 

reported that WGD happens early in tumour development and influences the 

subsequent development of the tumour (Quinton et al. 2021; Lens and Medema 2018; 

Fujiwara et al. 2005). WGD has also been reported to be associated with worse overall 

survival in a pan-cancer study of 9,692 advanced cancer patients diagnosed with one of 

55 cancer types (Bielski et al. 2018). To investigate if HGSOC samples with WGD have 

worse overall survival and altered gene expression, samples with and without WGD 

were compared. 

 

Figure 50a shows that among all protein-coding genes, only 95 genes exhibited a 

significant increase in expression in the presence of WGD, while 14 genes showed a 
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decrease in expression. The genes with the largest increase in expression are testis 

specific and olfactory genes, and these gene families are commonly observed to have 

increased expression in cancer gene expression studies (Jay et al. 2021; Fratta et al. 

2011; Gjerstorff and Ditzel 2008; Weber et al. 2018; X. Zhang et al. 2007). Two KEGG 

gene pathways (M. Kanehisa and Goto 2000), the gastric cancer and melanoma 

pathways, were found to be marginally enriched in the genes with increased gene 

expression in the present of WGD. 

 
The base mean shown in Figure 50b is the average of normalized counts of that gene’s 

expression across all samples in the combined cohort with RNA expression data. A 

smaller base mean shows that there is lower expression across all the samples, and 

means that small changes in gene expression can be significant. Given that the base 

mean is less than 500 for all of the genes with the largest log fold change, it is likely that 

even modest absolute changes in gene expression between samples could lead to 

significant differences. This is also true for the genes showing the largest decreases in 

expression, so it is important to examine the base mean values as well as the magnitude 

and significance of expression changes. 

 
One of the genes with the most significant change in expression (Figure 50d) was TPPP3 

which shows a modest increase in expression in samples with WGD. This gene has been 

suggested to be a biomarker of HGSOC as its expression is highly enriched in fallopian 

tube tissue, and can be used to distinguish HSCOC from other cancers types such as 

ovarian clear cell carcinoma (A. J. Shih et al. 2018; Acland et al. 2020). The HP gene, 

which is highly expressed across the combined cohort samples with a base mean of over 

9000, was found to be among the top 10 genes with the largest decrease in gene 

expression in samples with WGD. HP is normally expressed in liver and adipose tissue 

(Thul and Lindskog 2018; Noguchi et al. 2017; Lonsdale et al. 2013), but elevated HP is 

reported to be linked to poor prognosis in some solid cancer types (Tai et al. 2017). 

However, when comparing the survival of samples with and without WGD the presence 

of WGD had little impact on overall survival (Figure 50). 
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Given that WGD does significantly alter the expression of some genes, when we assess 

the impact of cSV types on gene expression we should also account for the presence or 

absence of WGD in samples, as a covariate in the differential expression analysis. 

 

b 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

GAGE12C 41.97 12.77 1.89 6.75 2.16x10-08 

TSPY3 5.04 10.60 2.92 3.63 6.97x10-03
 

GAGE1 244.42 5.42 0.82 6.58 5.10x10-08
 

OR51A2 9.75 4.52 1.10 4.09 1.85x10-03
 

CT45A7 35.43 4.47 0.95 4.68 2.49x10-04
 

GAGE2A 461.70 4.47 0.68 6.56 5.52x10-08 

MAGEA9 23.95 4.43 1.10 4.02 2.23x10-03 

CTAG1B 154.43 4.33 0.55 7.91 1.59x10-11 

CTAG1A 328.61 4.09 0.88 4.63 3.01x10-04 
POU3F3 93.61 3.97 0.85 4.68 2.49x10-04 
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c 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

AL358075.4 119.89 -5.13 0.79 -6.52 6.81X10-08
 

CHRNB3 9.09 -3.62 0.66 -5.51 1.02X10-05 

CSN2 10.38 -3.47 0.94 -3.71 5.56X10-03
 

ANKRD30A 19.84 -2.79 0.55 -5.05 6.24X10-05 

OR51A4 23.52 -2.62 0.92 -2.84 4.19X10-02
 

FABP4 586.99 -2.42 0.44 -5.44 1.34X10-05 

GLYATL2 112.94 -2.35 0.43 -5.49 1.06X10-05
 

ZFP91- 
CNTF 

 
115.84 

 
-2.27 

 
0.60 

 
-3.76 

 
4.81X10-03 

OPCML 80.04 -2.27 0.42 -5.44 1.34X10-05 

HP 9367.90 -2.15 0.34 -6.35 1.73X10-07
 

 

d 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
CRLF1 362.75 3.01 0.29 10.25 2.17X10-20 

TNNT3 263.81 2.58 0.31 8.36 5.95X10-13 

CTAG1B 154.43 4.33 0.55 7.91 1.59X10-11 

TMEM59L 139.89 2.18 0.30 7.36 8.94X10-10 

GCGR 24.08 3.02 0.42 7.15 3.25X10-09 

RAPSN 64.84 1.93 0.27 7.09 4.07X10-09 

DNER 84.41 1.97 0.28 7.06 4.07X10-09
 

CYP2W1 132.34 2.54 0.36 7.06 4.07X10-09
 

HRH3 11.56 2.71 0.39 6.99 5.68X10-09 

TPPP3 1466.01 1.42 0.21 6.82 1.72X10-08 

 

e 
Gene Pathway enrichment (Increased expression) 

Pathway p.adjust Count GroupSize 
Gastric cancer 0.015 4 149 

Melanoma 0.015 3 72 

Nicotine addiction 0.059 2 40 
Breast cancer 0.059 3 147 

PI3K-Akt signaling pathway 0.080 4 354 

Neuroactive ligand-receptor interaction 0.080 4 367 
Rap1 signaling pathway 0.080 3 210 

Chemical carcin–genesis - receptor 
activation 

 
0.080 

 
3 

 
212 

Regulation of actin cytoskeleton 0.081 3 229 

Ras signaling pathway 0.081 3 236 
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Figure 
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50 Impact of WGD on gene expression and survival  

The change in gene expression between the samples with and without whole genome 

duplication (WGD) corrected for sub-cohort. The X axis shows the log2 fold change with 

positive values representing an increase of gene expression in samples with WGD (blue 

dots). Negative values represent a decrease in gene expression in samples with WGD 

(green dots). There were 95 genes with significantly increased expression and 14 genes 

with decreased expression. Expression data was used from 110 samples with WGD and 94 

samples without WGD. The Y axis represents the -log10 p-values. The horizontal line 

represents the threshold for significance (0.05) with values above that line being 

significant. The two vertical lines represent a fold change in expression of -2 and 2. Genes 

that did not pass the significance and effect size thresholds are grey. Changes in gene 

expression were assessed using the DESeq2 package (Love, Huber, and Anders 2014). (b) 

Summary statistics for the ten genes with the greatest increase in gene expression. (c) 

Summary statistics for the ten genes with the greatest decrease in gene expression. (d) 

Summary statistics for the ten genes with the most significant changes in gene expIsion. 

(e) Gene set enrichment of genes with increased expression in samples with WGD using 

the KEGG terms (M. Kanehisa and Goto 2000; Minoru Kanehisa 2019; Minoru Kanehisa et 

al. 2023). (f) Kaplan-Meier survival curve for time after diagnosis in days for samples with 

WGD (blue) and without (red). (g) A Cox proportional hazards model comparing the 

survival of the samples with WGD to samples without WGD adjusting for age, stage at 

diagnosis, HRD status and sub-cohort; a hazard ratio of 1 (no effect) is shown by a dashed 

line. Multiple testing correction (Benjamini and Hochberg, 1995) was performed on all p 

values. 

 

Gene Expression and Survival Impact of Chromothripsis 

 

Chromothripsis has been reported to be associated with shorter overall survival in 

myeloid leukemia, multiple myeloma, and neuroblastoma (Fontana et al. 2018; Forment, 

Kaidi, and Jackson 2012; Kloosterman, Koster, and Molenaar 2014; Magrangeas et al. 

2011; Molenaar et al. 2012). In contrast, in metastatic colorectal cancer it is reported that 

there is no impact on overall survival time, but chromothripsis is associated with shorter 
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progression-free survival (Skuja et al. 2017). Here, I investigate the impacts of 

chromothripsis on overall survival, progression-free survival and gene expression in 

HGSOC. 

 
Chromothripsis had very little consistent effect on gene expression. In samples with 

chromothripsis, only 74 genes showed significantly increased expression and 35 genes 

showed a decrease in expression after accounting for WGD (Figure 51b). No KEGG 

pathways were found to be significantly enriched in genes with increased or decreased 

gene expression. One of the most significant gene expression changes (Figure 51e) was 

seen for SLC26A2 which showed a modest increase in expression (log2FC=1.11) in 

samples with chromothripsis. SLC26A2 expression is regulated in part by PAX8 a 

transcription factor frequently overexpressed in HGSOC (Adler et al. 2017; Cheung et al. 

2011; Di Palma et al. 2014). Furthermore, in vitro and in vivo experiments with 

knockdown of PAX8 subsequently decreased expression of SLC26A2 and impaired 

tumorigenesis (Adler et al. 2017; Cheung et al. 2011; Di Palma et al. 2014). 

 
The impact of chromothripsis on survival was not significant (Figure 51f and 51g). 

Additionally the impact of chromothripsis on progression free survival in the combined 

cohort was also not significant. (Progression free survival curves for all cSV types were 

non-significant and can be found in Figure 72 appendix.) 
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c 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

GAGE12C 32.86 6.05 2.20 2.75 1.72E-01 
CTAG2 141.63 4.12 0.85 4.83 8.03E-04 

CCL15 4.94 3.71 0.66 5.64 3.54E-05 

XAGE1A 130.98 3.66 0.82 4.44 2.97E-03 
TRIM51GP 6.76 3.61 1.22 2.96 1.25E-01 

GDF1 39.68 3.49 1.62 2.15 3.54E-01 

CTAG1B 265.25 3.35 0.63 5.29 1.57E-04 
LRRC31 22.63 3.31 0.47 7.09 2.55E-08 

GAGE2A 908.17 3.25 0.74 4.42 3.14E-03 
GAGE12F 2621.25 3.23 0.74 4.38 3.64E-03 

 

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 
MBD3L2 8.88 -3.53 1.21 -2.92 1.32E-01 

TRIM49D1 35.88 -3.03 1.02 -2.99 1.21E-01 
POU3F3 71.05 -2.86 0.89 -3.22 7.99E-02 

AC090227.1 10.30 -2.83 0.89 -3.19 8.33E-02 

WIF1 86.82 -2.44 0.49 -4.99 4.42E-04 
TRIM49C 14.96 -2.37 0.98 -2.42 2.68E-01 

NPFF 5.06 -2.28 0.83 -2.75 1.73E-01 
AC073612.1 7.95 -2.25 0.99 -2.28 3.13E-01 

HOXD11 22.27 -2.10 0.36 -5.84 1.46E-05 
AGTR2 13.45 -2.05 0.55 -3.71 2.84E-02 

 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
LRRC31 22.63 3.31 0.47 7.09 2.55E-08 

SLC5A9 35.56 1.95 0.30 6.53 5.95E-07 

NUP210L 47.06 -1.98 0.31 -6.34 1.38E-06 
SPINK1 40.93 2.54 0.41 6.24 2.04E-06 

F5 292.16 1.81 0.29 6.20 2.07E-06 

HOXD11 22.27 -2.10 0.36 -5.84 1.46E-05 
GREM2 119.69 1.78 0.30 5.83 1.46E-05 

PNLDC1 55.09 1.90 0.33 5.70 2.70E-05 
CCL15 4.94 3.71 0.66 5.64 3.54E-05 

SLC26A2 3933.04 1.11 0.20 5.47 8.31E-05 
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Figure 51 Impact on gene expression and survival of chromothripsis 
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The change in gene expression between the samples with and without chromothripsis 

corrected for sub-cohort. There were 38 genes with increased expression and 3 genes 

with decreased expression (a). The change in gene expression between the samples with 

and without chromothripsis corrected for sub-cohort and WGD (b) .There were 74 genes 

with increased expression and 35 genes with decreased expression. Expression data was 

used from 74 samples with chromothripsis and 130 samples without chromothripsis. For 

both a and b the X axis shows the log2 fold change with positive values representing an 

increase of gene expression in samples with chromothripsis (blue dots). Negative values 

represent a decrease in gene expression in samples with chromothripsis (green dots). 

The Y axis represent the -log10 p-values. The horizontal line represents the threshold for 

significance with values above that line being significant. The two vertical lines represent 

a fold change in expression of -2 and 2. Genes that did not pass the significance and 

effect size thresholds are shown in grey. Changes in gene expression was assessed using 

the DESeq2 package (Love, Huber, and Anders 2014). Summary statistics for the change 

in gene expression shown in b; the ten genes with the greatest increase in 

geneIpression (c), the ten genes with the greatest decrease in gene expression (d), the 

ten genes with the most significant change in gI expression (e). Kaplan-Meier survival 

curve for time after diagnosis in days for samples with chromothripsis (blue) and 

without (red) f. A Cox proportional hazards model comparing the survival of the samples 

with chromothripsis to samples without chromothripsis adjusting for age, stage at 

diagnosis, HRD status and sub-cohort g a hazard ratio of 1 (no effect) is shown by a 

dashed line. Multiple testing correction (Benjamini and Hochberg, 1995) was performed 

on all p values. No KEGG pathways were found to be significantly (p<0.05) enriched in 

genes with increased or decreased gene expression. Kaplan-Meier progression free 

survival curve for time after diagnosis in days for samples with chromothripsis (blue) and 

without (red) h. A Cox proportional hazards model comparing the progression free 

survival the samples with chromothripsis to samples without chromothripsis adjusting 

for age, stage at diagnosis, HRD status and sub-cohort i 
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Gene Expression and Survival Impact of Rigma 

 
When initially described rigma was reported to be associated with significantly worse 

survival (Hadi et al. 2020), but this is the only study of rigma and survival, so further 

investigation is needed. In HGSOC the effect of rigma on survival showed no clear effect 

(Figure 52f and 52g). There were 138 genes with significantly increased expression and 

22 genes with decreased expression in the presence of rigma (Figure 52a), and once the 

effect of WGD had been accounted for there were 149 genes with increased expression 

and 28 genes with decreased expression (Figure 52b). No KEGG pathways were found to 

be significantly enriched in differentially Expressed genes. 
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c 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

GDF1 39.68 11.15 1.88 5.94 1.85x10-06 
GAGE12C 681.73 11.09 2.33 4.77 3.48x10-04 
GAGE12H 268.12 8.91 1.75 5.10 9.93x10-05 

ISX 13.09 7.49 1.01 7.39 2.06x10-10 
CDH9 18.65 5.99 1.06 5.66 7.11x10-06 

CTAG2 141.63 5.75 0.96 5.97 1.68x10-06 
GAGE2A 902.16 5.50 0.84 6.57 5.07x10-08 

PAGE2 283.48 5.43 0.64 8.46 1.10x10-13 

SFTA3 15.71 5.42 0.79 6.91 5.34x10-09 
EPS8L3 44.76 5.18 0.67 7.71 2.67x10-11 



168  

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

TSPY3 5.04 -21.54 3.70 -5.82 3.30x10-06 
OR51A4 23.52 -4.22 1.20 -3.53 1.40x10-02 

CHRNB3 9.09 -3.13 0.84 -3.73 8.57x10-03 

PIP 15.41 -3.13 0.64 -4.85 2.54x10-04 
SPRR1B 48.37 -3.07 0.93 -3.30 2.29x10-02 

OR4N2 20.46 -2.99 0.79 -3.81 6.81x10-03 
USP17L11 30.45 -2.99 0.89 -3.37 1.98x10-02 

OR1S2 25.23 -2.92 1.32 -2.20 1.64x10-01 

SOX2 203.85 -2.84 0.49 -5.83 3.06x10-06 
PIK3C2G 70.95 -2.81 0.72 -3.92 5.24x10-03 

 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
COX8C 35.62 3.69 0.37 9.85 4.25x10-19 

FAM151A 12.63 3.76 0.38 9.86 4.25x10-19 
CLDN18 14.12 3.79 0.38 9.85 4.25x10-19 
NUP210L 47.06 2.85 0.34 8.45 1.10x10-13 

PAGE2 283.48 5.43 0.64 8.46 1.10x10-13 
KCNQ2 119.13 4.76 0.60 7.90 8.70x10-12 

F5 292.16 2.63 0.34 7.84 1.17x10-11 
LHFPL4 64.05 3.92 0.50 7.78 1.62x10-11 
EPS8L3 44.76 5.18 0.67 7.71 2.67x10-11 
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Figure 52 Impact on gene expression and survival of rigma 

The change in gene expression between the samples with and without rigma corrected 

for sub-cohort. There were 62 genes with increased expression and 11 genes with 

decreased expression (a). The change in gene expression between the samples with and 

without rigma corrected for sub-cohort and WGD (b) .There were 60 genes with 

increased expression and 7 genes with decreased expression. Expression data was used 

from 56 samples with rigma and 148 samples without rigma. For both a and b the X axis 

shows the log2 fold change with positive values representing an increase of gene 

expression in samples with rigma (blue dots). Negative values represent a decrease in 

gene expression in samples with rigma (green dots). The Y axis represent the -log10 p- 

values. The horizontal line represents the threshold for significance with values above 

that line being significant. The two vertical lines represent a fold change in expression of 

-2 and 2. Genes that did not pass the significance and effect size thresholds are gray. 

Changes in gene expression was assessed using the DESeq2 package(Love, Huber, and 

Anders 2014). Summary statistics for the change in gene expression shown in b; the ten 

genes with the greatest increase iIene expression (c), the ten genes with the greatest 

decrease in gene expression (d), the ten genes with the most significant changIn gene 

expression (e). Kaplan-Meier survival curve for time after diagnosis in days for samples 

with rigma (blue) and without (red) f. A Cox proportional hazards model comparing the 

survival of the samples with rigma to samples without rigma adjusting for age, stage at 

diagnosis, HRD status and sub-cohort g a hazard ratio of 1 (no effect) is shown by a 

dashed line. Multiple testing correction (Benjamini and Hochberg, 1995) was 

perfor170oron all p values. No kegg pathways were found to be significantly (p<0.05) 

enriched in genes with increased or decreased gene expression. 
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Gene Expression and Survival Impact of Pyrgo 

 
As for rigma, when pyrgo was initially described it was reported to be associated with 

significantly worse survival (Hadi et al. 2020) but this has not been studied further. Once 

the effect of WGD had been accounted for, there were 60 genes with increased 

expression and 7 genes with decreased expression (Figure 53b). One of the most 

significant expression changes found was the increase in expression of MIEN1 

(log2FC=1.16) which has previously been implicated in survival in ovarian cancer (Figure 

53e) (Cámara-Quílez et al. 2020). However, in HGSOC the effect of pyrgo on survival was 

not significant once age, stage, HRD and cohort were adjusted for (Figure 53f and 53g). 
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c 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

GDF1 39.68 5.68 1.50 3.79 1.72E-02 
XAGE1A 302.05 4.93 0.87 5.65 1.72E-05 

ACTL6B 14.76 4.81 0.65 7.38 5.84E-10 

KRT76 17.42 4.42 0.85 5.18 1.48E-04 
GAGE12H 16.97 4.40 1.76 2.49 2.36E-01 

GAGE12C 41.97 4.31 2.20 1.96 4.23E-01 
OR8U1 6.37 4.25 1.28 3.32 5.39E-02 

HTN3 4.34 3.65 1.22 2.99 1.05E-01 

GAGE13 469.45 3.58 0.87 4.11 6.44E-03 
GAGE12F 434.70 3.57 0.72 4.98 3.10E-04 
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d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

TSPY3 5.04 -23.19 3.36 -6.91 1.54E-08 
TBC1D3K 15.57 -3.31 1.38 -2.40 2.67E-01 

AC011455.2 33.73 -2.86 1.01 -2.83 1.36E-01 

GLYATL3 11.90 -2.80 0.85 -3.29 5.72E-02 
EPS8L3 44.76 -2.60 0.64 -4.05 7.53E-03 

AC073612.1 7.95 -2.59 1.06 -2.45 2.49E-01 

NPIPA8 1046.13 -2.46 0.45 -5.40 5.07E-05 
SSX4B 85.92 -2.27 1.68 -1.36 6.53E-01 

HOXC12 11.57 -2.24 0.97 -2.31 2.99E-01 
MBD3L2 7.39 -2.23 1.26 -1.76 5.00E-01 

 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
PNMA5 43.75 3.28 0.35 9.37 1.42E-16 

PNLDC1 55.09 2.79 0.35 7.99 1.25E-11 

NUP210L 47.06 2.44 0.31 7.79 4.32E-11 
CHRNB2 84.25 2.35 0.31 7.70 6.22E-11 

ACTL6B 14.76 4.81 0.65 7.38 5.84E-10 
TSPY3 5.04 -23.19 3.36 -6.91 1.54E-08 

ACSBG1 69.55 2.01 0.30 6.82 2.47E-08 
COX8C 35.62 2.54 0.38 6.76 3.24E-08 

MIEN1 2382.03 1.16 0.18 6.39 3.59E-07 

GDPD4 65.41 3.17 0.51 6.24 8.35E-07 
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Figure 53 Impact on gene expression and survival of pyrgo 

The change in gene expression between the samples with and without pyrgo corrected 

for sub-cohort. There were 62 genes with increased expression and 11 genes with 

decreased expression (a). The change in gene expression between the samples with and 

without pyrgo corrected for sub-cohort and WGD (b) .There were 60 gene with 

increased expression and 7 genes with decreased expression. Expression data was used 

from 56 samples with pyrgo and 148 samples without pyrgo. For both a and b the X axis 

shows the log2 fold change with positive values representing an increase of gene 

expression in samples with pyrgo (blue dots). Negative values represent a decrease in 

gene expression in samples with pyrgo (green dots). The Y axis represent the -log10 p- 

values. The horizontal line represents the threshold for significance with values above 

that line being significant. The two vertical lines represent a fold change in expression of 

-2 and 2. Genes that did not pass the significance and effect size thresholds are gray. 

Changes in gene expression was assessed using the DESeq2 package(Love, Huber, and 

Anders 2014). Summary statistics for the change in gene expression shown in b; the ten 

genes with the greatest incrIe in gene expression (c), the ten genes with the greatest 

decrease in gene expression (d), the ten genes with the most significantIange in gene 

expression (e). Kaplan-Meier survival curve for time after diagnosis in days for samples 

with pyrgo (blue) and without (red) f. A Cox proportional hazards model comparing the 

survival of the samples with pyrgo to samples without pyrgo adjusting for age, stage at 

diagnosis, HRD status and sub-cohort g a hazard ratio of 1 (no effect) is shown by a 

dashed line. Multiple testing correction (Benjamini and Hochberg, 1995) was 

175orormed on all p values. No kegg pathways were found to be significantly (p<0.05) 

enriched in genes with increased or decreased gene expression. 
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Gene Expression and Survival Impact of Chromoplexy 

 
In a study of 85 WGS myeloma samples, chromoplexy was found in 21 samples and was 

reported to increase the expression of MYC, E2F and G2M targets, and to reduce RAS 

signalling (Ashby et al. 2019). In the combined cohort, once WGD was accounted for, I 

observed that 11 genes had increased expression and 36 genes had decreased 

expression (Figure 54 b). Only two pathways were found to be marginally significantly 

enriched in genes with decreased expression (Figure 54f) and they have no strong 

connection to RAS signalling. In addition, there was no significant impact of chromoplexy 

on patient survival (Figure 54g and 54h). 
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c 

Largest increase in expression 
GeneName baseMean log2FoldChange lfcSE stat p 

OR51A2 9.75 3.93 1.28 3.07 4.90E-02 
OR11H1 5.14 3.69 2.15 1.72 3.35E-01 
FOXR2 27.29 3.33 0.91 3.66 1.45E-02 

ASIC5 2.28 2.96 0.99 2.99 5.65E-02 
RNF17 29.88 2.41 0.48 5.07 2.30E-04 

SPATA22 8.24 2.32 0.44 5.21 1.37E-04 

SPRR1B 48.37 2.26 0.74 3.06 5.03E-02 
SCGB2A2 127.01 2.16 0.48 4.48 1.87E-03 

CT45A10 739.26 2.14 0.55 3.90 8.75E-03 

KCNQ2 119.13 2.14 0.50 4.28 3.54E-03 
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d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

OR5D18 4.28 -6.39 1.16 -5.49 4.51E-05 
APCS 8.49 -4.83 0.86 -5.62 2.64E-05 

SMR3B 44.74 -4.13 0.64 -6.44 5.90E-07 

TRIM49D1 35.88 -3.91 0.95 -4.09 5.53E-03 
NKX2-1 21.36 -3.75 0.63 -5.91 6.62E-06 

FABP7 18.57 -3.59 0.68 -5.32 8.86E-05 

Z83844.1 58.99 -3.49 0.89 -3.90 8.67E-03 
DCAF4L2 17.38 -3.36 0.75 -4.46 1.98E-03 

GDF1 39.68 -3.00 1.56 -1.92 2.69E-01 
ARGFX 3.54 -2.87 1.23 -2.34 1.59E-01 

 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
ATP1A2 1219.88 -2.86 0.34 -8.31 1.84E-12 

OR7D4 23.65 -2.59 0.39 -6.64 3.05E-07 

GRIA4 92.06 -2.23 0.34 -6.51 4.87E-07 
SMR3B 44.74 -4.13 0.64 -6.44 5.90E-07 

FAM133A 86.89 -2.03 0.32 -6.39 6.28E-07 
ALS2CR12 135.17 -1.40 0.22 -6.26 1.23E-06 

GCGR 24.08 -2.46 0.40 -6.12 2.58E-06 
OLFM4 74.19 -2.67 0.44 -6.05 3.52E-06 

NTS 329.94 2.09 0.35 5.98 4.75E-06 

NKX2-1 21.36 -3.75 0.63 -5.91 6.62E-06 

 

f 
Gene Pathway enrichment (Decreased expression) 

Pathway P value Count GroupSize 
Bile secretion 0.049 2 89 

Neuroactive ligand-receptor interaction 0.049 3 367 

Proximal tubule bicarbonate reclamation 0.121 1 23 
Ascorbate and aldarate metabolism 0.121 1 30 

Pentose and glucuronate interconversions 0.121 1 35 

Aldosterone-regulated sodium reabsorption 0.121 1 37 
Porphyrin metabolism 0.121 1 43 

Carbohydrate digestion and absorption 0.121 1 47 

Endocrine and other factor-regulated 
calcium reabsorption 

 
0.121 

 
1 
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Mineral absorption 0.121 1 60 
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Figure 54 Gene expression and survival chromoplexy 

The changes in gene expression between the samples with and without chromoplexy 

corrected for sub-cohort. There were 8 genes with increased expression and 23 genes 

with decreased expression (a). The changes in gene expression between the samples 

with and without chromoplexy corrected for sub-cohort and WGD (b) .There were 11 

genes with increased expression and 36 genes with decreased expression. Expression 

data was used from 117samples with chromoplexy and 87 samples without 

chromoplexy. For both a and b the X axis shows the log2 fold change with positive 

values representing an increase of gene expression in samples with chromoplexy (blue 

dots). Negative values represent a decrease in gene expression in samples with 

chromoplexy (green dots). The Y axis represent the -log10 p-values. The horizontal line 

represents the threshold for significance with values above that line being significant. 

The two vertical lines represent a fold change in expression of -2 and 2. Genes that did 

not pass the significance and effect size thresholds are gray. Changes in gene expression 

was assessed using the DESeq2 package(Love, Huber, and Anders 2014). Summary 

statistics for the change in gene expression shown in b; the ten genes with the greatest 

increase in gene expression (c), the ten genes with the greatest decrease in gene 

expression (d), the ten genes with the most significI change in gene expression (e). 

Gene set enrichment of genes with decreased expression in samples with chromoplexy 

using the KEGG terms f (M. Kanehisa and Goto 2000; Minoru Kanehisa 2019; Minoru 

Kanehisa et al. 2023). Kaplan-Meier survival curve for time after diagnosis in days for 

samples with chromoplexy (blue) and without (red) g. A Cox proportional hazards model 

comparing the survival of the samples with chromoplexy to samples without 

chromoplexy adjusting for age, stage at diagnosis, HRD status and sub-cohort h a hazard 

ratio of 1 (no effect) is shown by a dashed line. Multiple testing correction (Benjamini 

and Hochberg, 1995) was performed on all p values. No kegg pathways were found to be 

significantly (p<0.05) enriched in genes with increased or decreased gene expression. 

 

Gene Expression and Survival Impacts of Breakage Fusion Bridge Events 

 
In Chapter 3, it was shown that BFB events were common and found in 76 HGSOC 

samples. While in Chapter 4 it was shown that BFB overlapped the known oncogene 
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CCNE1 in 24 of those samples. To investigate the impact of BFB on gene expression and 

overall survival, samples with and without BFB were compared. After adjusting for WGD, 

96 genes were found with significantly increased expression and 7 genes with decreased 

expression. Interestingly, despite being a cSV involving amplifications of gene copy 

numbers, the overall effect of BFB on CCNE1 showed only a modest increase in 

expression (log2FC=0.77, pvalue 3.14x10-3) across all BFB samples, and CCNE1 does not 

appear in the most significantly altered genes (Figure 55). 

 
The TMEM100 gene showed a large decrease in expression (Figure 55d) in samples with 

BFB, and TMEM100 is another gene regulated by the PAX8 transcription factor (Elias et 

al. 2016). Among the most significant changes in gene expression (Figure 55e) was a 

modest increase for the ERBB2 gene, which is reported to have amplified expression in 

3-10% of ovarian cancer but was not reported to impact overall survival (Thouvenin et 

al. 2021). In samples with BFB, the gene PIGR showed a significant decrease in 

expression (log fold change -2.46, p value 2.08x10-5) and low expression of PIGR has 

been associated with worse survival outcomes in ovarian cancer and nasopharyngeal 

carcinoma (Qi, Li, and Sun 2016; Biswas et al. 2021). Despite these interesting changes in 

gene expression the overall impact of BFB on patient survival was not significant when 

modelled (Figure 55f). 

 
To directly investigate the effect of BFB amplified CCNE1, samples with CCNE1 amplified 

by BFB were compared to the rest of the combined cohort, and the effect on survival 

was also found to be non-significant (Figure 55h and 55i). 
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c 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

GAGE12C 59.01 9.15 2.28 4.00 3.73E-03 
GDF1 39.68 9.14 1.71 5.33 4.53E-05 

FTHL17 5.93 4.59 0.98 4.69 4.66E-04 

CDH9 18.65 4.46 1.05 4.25 1.88E-03 
GAGE12H 9.71 4.19 1.75 2.39 1.29E-01 

SLC2A2 27.08 4.10 0.64 6.39 3.53E-07 

DDX53 28.26 4.09 0.64 6.43 3.46E-07 
MAGEC2 97.24 4.02 0.80 4.99 1.59E-04 

OR1N1 31.53 3.73 0.59 6.34 3.84E-07 
EPS8L3 44.76 3.55 0.63 5.67 1.04E-05 

 

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 
OR51A2 9.75 -5.17 1.43 -3.61 1.11E-02 

OR1S2 25.23 -3.16 1.18 -2.68 8.04E-02 
TAS2R16 22.17 -2.70 1.01 -2.68 7.97E-02 

PIGR 2915.79 -2.46 0.44 -5.54 2.08E-05 

SLC25A48 81.91 -2.36 0.43 -5.48 2.62E-05 
TMEM100 1048.25 -2.35 0.37 -6.31 4.44E-07 

GAGE12J 61.26 -2.27 1.40 -1.63 3.57E-01 
FOXR2 27.29 -2.12 1.04 -2.04 2.16E-01 

OR6N2 30.74 -2.11 1.02 -2.08 2.05E-01 
SPINK8 2.83 -2.08 0.70 -2.99 4.50E-02 

 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
RBP2 21.64 3.08 0.40 7.65 3.86E-10 

NUP210L 47.06 2.26 0.32 7.15 8.41E-09 

ERBB2 11702.46 1.00 0.15 6.63 1.27E-07 
CRLF1 443.34 2.13 0.32 6.64 1.27E-07 

KRT13 195.38 2.61 0.39 6.70 1.27E-07 

VRTN 17.56 3.20 0.49 6.51 2.30E-07 
DDX53 28.26 4.09 0.64 6.43 3.46E-07 

HSD17B2 44.95 2.31 0.36 6.41 3.47E-07 
SLC2A2 27.08 4.10 0.64 6.39 3.53E-07 

CLDN19 158.94 2.81 0.44 6.36 3.71E-07 
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Figure 55 Gene expression and survival with BFB 

The changes in gene expression between the samples with and without breakage fusion 
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bridges (BFB) corrected for sub-cohort. There were 90 genes with increased expression 

and 16 genes with decreased expression (a). The changes in gene expression between 

the samples with and without BFB corrected for sub-cohort and WGD (b) .There were 96 

genes with increased expression and 7 genes with decreased expression. Expression 

data was used from 59 samples with BFB and145 samples without BFB. For both a and b 

the X axis shows the log2 fold change with positive values representing an increase of 

gene expression in samples with BFB (blue dots). Negative values represent a decrease 

in gene expression in samples with BFB (green dots). The Y axis represent the -log10 p- 

values. The horizontal line represents the threshold for significance with values above 

that line being significant. The two vertical lines represent a fold change in expression of 

-2 and 2. Genes that did not pass the significance and effect size thresholds are gray. 

Changes in gene expression was assessed using the DESeq2 package(Love, Huber, and 

Anders 2014). Summary statistics for the change in gene expression shown in b; the ten 

genes with the greaIt increase in gene expression (c), the ten genes with the greatest 

decrease in gene expression (d), the ten genes with the most siIficant change in gene 

expression (e). Kaplan-Meier survival curve for time after diagnosis in days for samples 

with BFB (blue) and without (red) f. A Cox proportional hazards model comparing the 

survival of the samples with BFB to samples without BFB adjusting for age, stage at 

diagnosis, HRD status and sub-cohort g a hazard ratio of 1 (no effect) is shown by a 

dashed line. Kaplan-Meier survival curve for time after diagnosis in days for samples 

with BFB disrupting CCNE1 (blue) and without BFB disrupting CCNE1 (red) h. A Cox 

proportional hazards model comparing the survival of the samples with BFB disrupting 

CCNE1 to samples without BFB disrupting CCNE1 adjusting for age, stage at diagnosis, 

HRD status and sub-cohort i a hazard ratio of 1 (no effect) is shown by a dashed line. 

Multiple testing correction (Benjamini and Hochberg, 1186or was performed on all p 

values. No kegg pathways were found to be significantly (p<0.05) enriched in genes with 

increased or decreased gene expression. 
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Gene expression and survival impacts of tyfonas 

 
As for rigma and pyrgo, when initially described tyfonas was reported to have 

significantly worse survival than samples without tyfonas (Hadi et al. 2020), but further 

investigation is needed. Once the effect of WGD had been accounted for, there were 55 

genes with increased expression and 89 genes with decreased expression (Figure 56b). 

The gene showing one of the largest and most significant expression changes (Figure 

56d and 56e) was HIST2H2AA3 which is yet another gene regulated by the PAX8 

transcription factor (Adler et al. 2017). The genes that showed most decreased 

expression in samples with tyfonas were significantly enriched for the KEGG Olfactory 

transduction pathway (Figure 56f). However, in the combined cohort only seven samples 

of HGSOC were identified as having tyfonas and the effect on survival did not show a 

strong effect once age, stage, HRD and cohort were adjusted for (Figure 56g and 56h). 
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Largest increase in expression 
GeneName baseMean log2FoldChange lfcSE stat p 

CACNG2 13.42 9.30 2.11 4.41 3.09E-03 

LBX1 10.49 9.07 2.28 3.97 1.44E-02 

SLC6A5 32.04 8.95 2.26 3.97 1.44E-02 
C20orf173 3.55 7.71 1.75 4.40 3.27E-03 

GAGE12H 12.02 7.33 6.40 1.14 9.49E-01 
ELF5 55.95 7.22 1.51 4.77 6.48E-04 

NKX2-1 7.23 6.44 2.47 2.61 3.63E-01 

NEFL 45.57 6.35 1.35 4.71 8.58E-04 
AC136616.2 20.89 6.33 2.15 2.94 2.15E-01 

MUC2 496.23 6.31 1.80 3.50 6.03E-02 

 

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

AL358075.4 119.89 -24.77 3.43 -7.22 6.53E-10 
HIST2H2AA3 1612.41 -23.55 2.87 -8.22 4.56E-13 

LRRC55 239.84 -22.31 2.45 -9.11 5.19E-16 
AC004556.1 289.19 -21.96 2.83 -7.77 1.25E-11 

CTAG2 26.05 -21.68 3.11 -6.97 3.88E-09 

AC092143.1 36.92 -21.66 2.41 -8.97 1.40E-15 
EPS8L3 44.76 -21.39 2.60 -8.22 4.56E-13 

AC012184.2 77.19 -21.32 2.59 -8.23 4.56E-13 
MAGEA9 23.95 -21.08 4.74 -4.44 2.73E-03 

SSX4B 85.92 -21.00 6.20 -3.39 7.83E-02 
 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 

RPL36A- 
HNRNPH2 

 
26.33 

 
-20.91 

 
1.89 

 
-11.08 

 
3.08E-24 

BMP5 21.37 -21.00 2.25 -9.33 1.02E-16 

LRRC55 239.84 -22.31 2.45 -9.11 5.19E-16 

AC092143.1 36.92 -21.66 2.41 -8.97 1.40E-15 

DAO 44.45 -16.11 1.80 -8.93 1.65E-15 

FDCSP 56.36 -20.35 2.39 -8.51 5.59E-14 
HIST2H2AA3 1612.41 -23.55 2.87 -8.22 4.56E-13 

EPS8L3 44.76 -21.39 2.60 -8.22 4.56E-13 
AC012184.2 77.19 -21.32 2.59 -8.23 4.56E-13 

GPR50 18.56 -20.28 2.49 -8.15 6.96E-13 
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f 
Gene Pathway enrichment (Decreased expression) 

Pathway p.adjust Count GroupSize 

Olfactory transduction 1.34E-07 16 439 
Starch and sucrose metabolism 5.02E-02 3 36 

Carbohydrate digestion and absorption 7.26E-02 3 47 

Alcoholism 9.64E-02 5 187 

 



191  

 
Figure 56 Gene expression and survival tyfonas 

The changes in gene expression between the samples with and without tyfonas 

corrected for sub-cohort. There were 85 genes with increased expression and 129 genes 

with decreased expression (a). The changes in gene expression between the samples 

with and without tyfonas corrected for sub-cohort and WGD (b) .There were 55 genes 

with increased expression and 89 genes with decreased expression. Expression data was 

used from 3 samples with tyfonas and 201 samples without tyfonas. For both a and b 

the X axis shows the log2 fold change with positive values representing an increase of 

gene expression in samples with tyfonas (blue dots). Negative values represent a 

decrease in gene expression in samples with tyfonas (green dots). The Y axis represent 

the -log10 p-values. The horizontal line represents the threshold for significance with 

values above that line being significant. The two vertical lines represent a fold change in 

expression of -2 and 2. Genes that did not pass the significance and effect size 
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thresholds are gray. Changes in gene expression was assessed using the DESeq2 

package(Love, Huber, and Anders 2014). Summary statistics for the change in gene 

expression shown in b; the ten genes with thIreatest increase in gene expression (c), the 

ten genes with the greatest decrease in gene expression (d), the ten genes with the mI 

significant change in gene expression (e). 

Gene set enrichment of genes with decreased expression in samples with the tyfonas 

using the KEGG terms f (M. Kanehisa and Goto 2000; Minoru Kanehisa 2019; Minoru 

Kanehisa et al. 2023). Kaplan-Meier survival curve for time after diagnosis in days for 

samples with tyfonas (blue) and without (red) g. A Cox proportional hazards model 

comparing the survival of the samples with tyfonas to samples without tyfonas adjusting 

for age, stage at diagnosis, HRD status and sub-cohort h a hazard ratio of 1 (no effect) is 

shown by a dashed line. Multiple testing correction (Benjamini and Hochb192or 1995) 

was performed on all p values. No kegg pathways were found to be significantly 

(p<0.05) enriched in genes with increased gene expression. 
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Gene Expression and Survival Impact of Seismic Amplification 

 
When first reported seismic amplification (SA) was stated to increase the gene 

expression of oncogenes but the effect of SA on patient survival remains unstudied 

(Rosswog et al. 2021). To investigate the effect of SA on gene expression in HGSOC and 

its effect on survival samples with and without SA were compared. Overall only 46 genes 

had significantly increased gene expression and 85 showed a decrease in gene 

expression in samples with SA (Figure 57b). The only KEGG term enriched in the genes 

with decreased gene expression was olfactory transduction. There was also no 

significant effect of SA on survival (Figure 57f and 57g) . 
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c 

Largest increase in expression 
GeneName baseMean log2FoldChange lfcSE stat p 

TBC1D3E 21.36 14.74 3.07 4.81 7.73E-04 

OR7G3 17.77 7.96 1.15 6.95 3.95E-09 

LCN1 109.07 7.49 0.81 9.21 6.71E-17 
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SLC17A2 3.91 5.06 1.64 3.09 1.44E-01 
BEST3 33.43 4.87 0.74 6.61 3.63E-08 

PRAMEF11 36.81 4.77 1.30 3.68 4.16E-02 

OR7G2 65.79 4.24 0.99 4.30 6.42E-03 

CRNN 27.18 3.92 1.04 3.78 3.25E-02 
AC139530.2 14.51 3.87 1.39 2.79 2.34E-01 

OR4N2 15.02 3.72 1.17 3.17 1.26E-01 

 

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

AC120057.2 197.78 -25.76 2.70 -9.55 3.32E-18 
GAGE12J 72.77 -24.56 2.82 -8.72 5.38E-15 
GAGE12C 41.97 -23.60 4.37 -5.40 3.77E-05 

SSX4B 85.92 -22.26 3.31 -6.73 1.65E-08 

TBC1D3K 14.71 -22.00 2.77 -7.94 2.61E-12 

AC011455.2 33.73 -21.69 2.04 -10.61 2.43E-22 
GAGE12H 12.02 -21.45 3.65 -5.88 3.06E-06 
TRIM49C 14.96 -20.59 2.15 -9.56 3.32E-18 

OR6C74 10.20 -19.89 2.14 -9.29 3.52E-17 

H2BFS 5.13 -19.23 4.96 -3.88 2.53E-02 
 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
OR2T6 14.24 -17.20 1.55 -11.10 2.21E-24 

AC011455.2 33.73 -21.69 2.04 -10.61 2.43E-22 
OR10K2 32.34 -16.11 1.55 -10.40 1.54E-21 
OR4K17 9.56 -17.60 1.72 -10.26 4.94E-21 

OR9K2 7.35 -17.67 1.80 -9.82 3.33E-19 

AC120057.2 197.78 -25.76 2.70 -9.55 3.32E-18 

TRIM49C 14.96 -20.59 2.15 -9.56 3.32E-18 
OR6C74 10.20 -19.89 2.14 -9.29 3.52E-17 

LCN1 109.07 7.49 0.81 9.21 6.71E-17 

GAGE12J 72.77 -24.56 2.82 -8.72 5.38E-15 
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Figure 57 Gene expression and survival with seismic amplification 
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The changes in gene expression between the samples with and without seismic 

amplification corrected for sub-cohort. There were 22 genes with increased expression 

and 114 genes with decreased expression (a). The changes in gene expression between 

the samples with and without seismic amplification corrected for sub-cohort and WGD 

(b) .There were 46 genes with increased expression and 85 genes with decreased 

expression. Expression data was used from 11 samples with seismic amplification and 

193 samples without seismic amplification. For both a and b the X axis shows the log2 

fold change with positive values representing an increase of gene expression in samples 

with seismic amplification (blue dots). Negative values represent a decrease in gene 

expression in samples with seismic amplific–tion (green dots). The Y axis represent the - 

log10 p-values. The horizontal line represents the threshold for significance with values 

above that line being significant. The two vertical lines represent a fold change in 

expression of -2 and 2. Genes that did not pass the significance and effect size 

thresholds are gray. Changes in gene expression was assessed using the DESeq2 

package(Love, Huber, and Anders 2014). Summary statistics for the change in gene 

expression shown in b; the ten genes with the greatest increase in gene expression (c), 

the ten genes with the greatest decrease in gene expression (d) Olfactory transduction 

keg term enriched in genes with decreased expression count 28 group size = 439 

p=7.80x10-22, the ten genes with thIost significant change in gene expression (e). 

Kaplan-Meier survival curve for time after diagnosis in days for samples with seismic 

amplification (blue) and without (red) f. A Cox proportional hazards model comparing 

the survival of the samples with seismic amplification to samples without seismic 

amplification adjusting for age, stage at diagnosis, HRD status and sub-cohort g a hazard 

ratio of 1 (no effect) is shown by a dashed line. Multiple testing correction (Benjamini 

and Hochberg, 1995) was performed on all p values. 

 

Gene Expression and Survival Impacts of ecDNA 

 

The presence of ecDNA in tumour samples is well documented to be associated with the 

over-expression of oncogenes and worse overall survival in many cancer types (Adelman 

and Martin 2021; Kim et al. 2020; Robert and Crasta 2022; Shah et al. 2021; Bailey et al. 

2020). Once WGD had been adjusted for, 126 genes showed significant increases in 
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expression and 12 genes had significant decreases in expression in samples with ecDNA. 

The Kaplan-Meier survival curve suggests that the presence of ecDNA is worse for 

survival in HGSOC (Figure 58f). However once age, stage, HRD, WGD, and cohort are 

accounted for there was no significant difference in survival for samples with and 

without ecDNA. This is consistent with results in Chapter 3, where the majority (70%) of 

ecDNA was found in the AOCS sub-cohort, which is enriched for patients who did not 

respond to treatment and had poorer survival (Figure 48). Any effect of ecDNA is 

therefore confounded by the effect of AOCS cohort membership. 

 
To try test the effect of ecDNA on survival without the confounding cohort effect, the 

impact of ecDNA on survival was investigated in samples within the AOCS sub-cohort 

only, comparing those with and without ecDNA. Although survival appeared to be worse 

in AOCS samples with ecDNA (Figure 58h) it did not reach statistical significance when 

age, stage, HRD and WGD were adjusted for (Figure 58i). Only 14 ecDNA samples were 

identified in the combined cohort, excluding AOCS. The survival rate of these non-AOCS 

samples also failed to show a significant difference when compared to the rest of the 

combined cohort excluding AOCS (Figure 58j and 58k). There is therefore no convincing 

evidence for an association between ecDNA and survival in the current data, beyond the 

strong cohort bias (enriched ecDNA in AOCS) I have described. 
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c 
Largest increase in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

PRAMEF26 0.14 16.86 3.79 4.45 1.79E-03 

SSU72P4 2.57 10.98 2.26 4.85 4.00E-04 

MBD3L5 1.77 10.87 2.21 4.92 2.94E-04 

AL358075.4 119.89 8.96 0.95 9.45 6.89E-17 
MBD3L2 8.88 6.47 1.33 4.87 3.70E-04 

MYF5 6.68 5.96 1.06 5.62 1.81E-05 

SPATA31D4 64.01 5.77 1.35 4.28 3.27E-03 
TRIM49D1 35.88 5.66 1.19 4.78 5.44E-04 

POTEB2 16.39 5.35 0.99 5.41 4.27E-05 
XAGE1A 110.60 5.31 0.97 5.49 2.94E-05 

 

d 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 

TSPY3 5.04 -24.74 3.79 -6.53 2.16E-07 

OR51A2 9.75 -3.98 1.63 -2.44 2.09E-01 
GDF1 39.68 -3.79 1.96 -1.94 3.81E-01 

SSX5 19.96 -3.76 0.81 -4.62 9.88E-04 

MAGEA6 69.11 -3.29 0.84 -3.93 8.48E-03 
OR5M1 7.10 -2.85 1.26 -2.27 2.58E-01 

USP17L3 1.52 -2.84 1.62 -1.75 4.52E-01 
MAGEA3 50.85 -2.80 0.86 -3.27 4.71E-02 

CRISP3 332.60 -2.58 0.54 -4.76 5.60E-04 

MAGEA12 17.41 -2.53 0.72 -3.49 2.94E-02 
 

 

e 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 
AL358075.4 119.89 8.96 0.95 9.45 6.89E-17 

PNMA5 43.75 3.84 0.41 9.33 1.07E-16 

SLC7A14 31.72 3.53 0.43 8.22 1.37E-12 

NUP210L 47.06 2.90 0.37 7.91 1.25E-11 

KCNF1 137.24 2.63 0.40 6.62 1.38E-07 

TSPY3 5.04 -24.74 3.79 -6.53 2.16E-07 
ALS2CR12 135.17 1.86 0.29 6.48 2.59E-07 

PPEF2 9.94 2.95 0.46 6.45 2.77E-07 
TTBK1 74.97 1.67 0.27 6.24 8.70E-07 

BTBD17 33.49 3.74 0.60 6.25 8.70E-07 



201  



202  

 



203  

 
Figure 58 Gene expression and survival ecDNA 
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The changes in gene expression between the samples with and without ecDNA 

corrected for sub-cohort. There were 148 genes with increased expression and 8 genes 

with decreased expression (a). The changes in gene expression between the samples 

with and without ecDNA corrected for sub-cohort and WGD (b) .There were 126 genes 

with increased expression and 12 genes with decreased expression. Expression data was 

used from 46 samples with ecDNA and 158 samples without seismic amplification. For 

both a and b the X axis shows the log2 fold change with positive values representing an 

increase of gene expression in samples with ecDNA (blue dots). Negative values 

represent a decrease in gene expression in samples with ecDNA (green dots). The Y axis 

represent the -log10 p-values. The horizontal line represents the threshold for 

significance with values above that line being significant. The two vertical lines represent 

a fold change in expression of -2 and 2. Genes that did not pass the significance and 

effect size thresholds are gray. Changes in gene expression was assessed using the 

DESeq2 package(Love, Huber, and Anders 2014). Summary statistics for the change in 

gene expression shown in b; the ten genes with the greatest increase in gene expression 

(c), the ten genes with the greatest decrease in gene expression (d) Olfactory 

transduction keg term enriched in genes with decreased expression count 28 group size 

= 439 p=7.80x10-22, the ten genes with the most significant change in gene expression 

(e). Kaplan-Meier survival curve for time after diagnosis in days for samples with ecDNA 

(blue) and without (red) f. A Cox proportional hazards model comparing the survival of 

the samples with ecDNA to samples without ecDNA adjusting for age, stage at diagnosis, 

HRD status and sub-cohort g a hazard ratio of 1 (no effect) is shown by a dashed line. 

Kaplan-Meier survival curve for time after diagnosis in days for samples with ecDNA in 

the AOCS sub-cohort (blue) and without ecDNA in the AOCS sub-cohort (red) h. A Cox 

proportional hazards model comparing the survival of the samples with ecDNA in the 

AOCS sub-cohort to samples without ecDNA in the AOCS sub-cohort adjusting for age, 

stage at diagnosis, HRD status and sub-cohort I a hazard ratio of 1 (no effect) is shown 

by a dashed line. Kaplan-Meier survival curve for time after diagnosis in days for samples 

with ecDNA in the combined cohort excluding AOCS sub-cohort (blue) and without 

ecDNA in combined cohort excluding AOCS sub-cohort (red) j. A Cox proportional 
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hazards model comparing the survival of the samples with ecDNA in the in the combined 

cohort excluding AOCS sub-cohort to samples without ecDNA in the combined cohort 

excluding AOCS sub-cohort adjusting for age, stage at diagnosis, HRD status and sub- 

cohort k a hazard ratio of 1 (no effect) is shown by a dashed line. Multiple testing 

correction (Benjamini and Hochberg, 1995) was performed on all p values. 



206  

The impact on Gene Expression and Overall Survival of Genomic Instability Measured 

by Number of SVs 

 

In a study of 126 HGSOC samples, it was reported that samples with a higher number of 

SVs had better survival time after diagnosis (Garsed et al. 2022). To determine if this 

trend is also present in a larger cohort of 324 HGSOC samples, the range of genomic 

instability was measured by the number of SVs (Figure 59a). 

 
To investigate how genomic instability, as measured by the number of SVs, affects gene 

expression, the most genomically unstable 10% of samples were compared to the most 

genomically stable 10%. In this comparison 662 genes showed increased expression and 

205 genes had decreased expression in the most genomically unstable samples (Figure 

59b). Notably, the gene with the largest increase in expression was GAGE12C, a member 

of the GAGE protein family of testis antigens that are frequently upregulated in cancers 

and have been proposed as possible therapeutic targets (Gjerstorff and Ditzel 2008). 

However, despite being significantly increased in expression, this increase was driven by 

only three samples (Figure 59c). 

 
The impact of genomic instability, as measured by the number of SVs, on survival was 

assessed by comparing the survival time after diagnosis of the 10% most genomically 

unstable samples with the 10% most genomically stable samples, in comparison to the 

rest of the combined cohort. The trend suggests that the most genomically unstable 

samples had better survival than the rest of the combined cohort, and the most 

genomically stable samples had worse survival than the rest of the combined cohort 

(Figure 59i). However, neither of these trends reach statistical significance (Figure 59j). 

 
To explore the sensitivity of this trend to the threshold used to define genomic 

instability, the threshold for identifying the most genomically unstable samples was 

varied. The thresholds used were: the top percentile of samples above 50%, 75%, 90%, 

and 95% of the other samples. The trend of the most genomically unstable samples 

having better survival (Hazard ratios < 1) is constant across all thresholds tested but 
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does not reach statistical significance (Figure 59k and 59l). 

 
d 
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Largest increase in expression 
GeneName baseMean log2FoldChange lfcSE stat p 
GAGE12C 10.38 23.77 2.94 8.09 1.07E-11 

OR14A2 10.73 6.89 2.52 2.73 2.94E-02 

Z83844.1 6.84 6.84 2.35 2.91 1.96E-02 
TPTE 23.35 6.50 1.40 4.63 1.30E-04 

DEFB108B 5.17 6.43 2.94 2.19 8.84E-02 
FOXR2 5.62 6.38 2.44 2.62 3.82E-02 

OR14A16 7.04 6.25 2.67 2.34 6.66E-02 

OR1C1 11.24 6.23 1.81 3.45 5.01E-03 

TRIM6- 
TRIM34 

 
17.28 

 
6.19 

 
1.40 

 
4.41 

 
2.80E-04 

CTAG1A 38.10 6.16 1.43 4.31 3.86E-04 

 

e 
Largest decrease in expression 

GeneName baseMean log2FoldChange lfcSE stat p 
AC004556.1 161.21 -5.66 1.34 -4.24 4.90E-04 

AC034102.2 352.04 -5.57 2.02 -2.76 2.76E-02 
GAGE2E 6.96 -4.75 1.72 -2.77 2.73E-02 

RPSA 242643.20 -4.30 0.73 -5.88 8.25E-07 

KRTAP5-2 4.40 -4.26 1.54 -2.76 2.75E-02 
CXCL17 1095.10 -4.23 0.66 -6.43 6.57E-08 

RPS2 244466.70 -4.10 0.56 -7.31 1.22E-09 
RPL31 112495.70 -4.06 0.56 -7.21 1.77E-09 

AC011511.4 222.35 -3.92 1.51 -2.59 4.04E-02 

SLC13A2 15.89 -3.88 0.95 -4.08 7.99E-04 
 

 

f 
Most Significant 

GeneName baseMean log2FoldChange lfcSE stat p 

GAGE12C 10.38 23.77 2.94 8.09 1.07E-11 
RPL5 105200.44 -3.76 0.50 -7.55 4.11E-10 

RPS2 244466.73 -4.10 0.56 -7.31 1.22E-09 

RPS26 12290.91 -3.55 0.48 -7.32 1.22E-09 

RPL31 112495.72 -4.06 0.56 -7.21 1.77E-09 

RPL32 66849.75 -3.37 0.47 -7.23 1.77E-09 
RPL13A 203938.38 -3.60 0.50 -7.15 2.33E-09 

RPL6 79682.52 -3.04 0.43 -7.12 2.47E-09 
MT-ND6 29816.72 -3.82 0.54 -7.05 3.29E-09 

NACA 32228.05 -2.63 0.37 -7.06 3.29E-09 
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g 
Gene Pathway enrichment (Increased expression) 

Pathway p.adjust Count GroupSize 

Olfactory transduction 2.92E-13 52 439 
Neuroactive ligand-receptor interaction 2.05E-11 44 367 

cAMP signaling pathway 2.07E-04 23 225 

Amphetamine addiction 2.07E-04 12 69 
Nicotine addiction 3.19E-04 9 40 

Calcium signaling pathway 3.19E-04 23 240 

Taste transduction 1.22E-03 12 86 
 

h 
Gene Pathway enrichment (Decreased expression) 

Pathway p.adjust Count GroupS–ze 

Ribosome 9.45E-75 62 167 

Coronavirus disease -–COVID-19 1.23E-64 62 232 

Chemical carcinogenesis - reactive oxygen 
species 

 
1.49E-02 

 
11 

 
223 

Parkinson disease 1.49E-02 12 266 

Oxidative phosphorylation 1.85E-02 8 134 

Thermogenesis 4.24E-02 10 232 
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Figure 59 Genomic instability (SV burden) impact on gene expression and overall 

survival 

The distribution of genomic instability with vertical lines showing the threshold for the 

top and bottom 10% of genomic instability a. The change in gene expression between 

the top 10% most genomically unstable samples and the 10% least genomically unstable 

samples based on quantity of SV in the samples b. The X axis shows the log2 fold change 

with positive values representing an increase of gene expression in more genomically 

unstable samples (blue dots). Negative values represent a decrease in gene expression 

in more genomically unstable samples (green dots). There were 662 genes upregulated 

and 205 genes downregulated. 21 samples in the top 10% of genomically unstable 

samples had gene expression data. 17 samples in the bottom 10% of genomically 

unstable samples had gene expression data. The Y axis represent the -log10 p-values 

after multiple testing correction (Benjamini and Hochberg, 1995) method. The horizontal 

line represents the threshold for significance with values above that line being 

significant. The two vertical lines represent a fold change in expression of -2 and 2. 

Genes that did not pass the significance and effect size thresholds are grey. Changes in 

gene expression was assessed using the 212ormalizedkage (Love, Huber, and Anders 

2014). The normalised read counts of the GAGE12C for the most and least genomically 

instable samples c. 

Summary statistics for the change in gene expression shown in b; the ten genes with the 

greatest increase in gene expression (d), the ten gIs with the greatest decrease in gene 

expression (e), the ten genes with the most significant change in gene expression 

(f). Gene set enrichment of genes with increased expression in samples with the highest 

genomic instability using the KEGG terms g (M. Kanehisa and Goto 2000; Minoru 

Kanehisa 2019; Minoru Kanehisa et al. 2023). Gene set enrichment of genes with 

decreased expression in samples with the highest genomic instability using the KEGG 

terms h (M. Kanehisa and Goto 2000; Minoru Kanehisa 2019; Minoru Kanehisa et al. 

2023). A Kaplan-Meier survival curve for time after diagnosis for three groups the 

highest genomic instability (green), the least genomic instability (blue), and remainder of 

the combined cohort (red) i. A Cox proportional hazards model comparing the survival of 

the most and least genomically unstable samples to the remainder of the combined 
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cohort adjusting for age, stage at diagnosis, HRD status and sub-cohort j. The 

distribution of genomic instability as measured by number of SV in the sample with four 

lines show the quartile for 50% (green), 75% (yellow), 90% (blue), 95% (red) k. The 

hazard ratio for a Cox proportional hazards model comparing the samples above and 

below the respective percentiles (50%,75%,90%,95%) of genomically instable samples to 

the remainder of the combined cohort adjusting for age, stage at diagnosis, HRD status 

and sub-cohort l. A hazard of 1 represent no effect and hazard ratios of less than 1 

represent improved survival. 
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The Impact on Gene Expression and Overall Survival of Genomic Instability Measured 

by Number of CNVs 

 

To examine whether the trend of increased genomic instability is also associated with 

better survival when genomic instability as measured by the number of CNVs, four 

thresholds were used, with genomic instability defined as greater than the percentiles 

50%, 75%, 90%, and 95% of the other samples. The trend of the most genomically 

unstable samples having better survival (Hazard ratios < 1) is barely present across the 

thresholds tested and does not reach statistical significance (Figure 60a and 60b). 
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Quartiel 

 

Figure 60 Genomic instability measured by CNV burden 

The distribution of genomic instability as measured by the number of CNVs in the 

sample with four lines showing for 50% (green), 75% (yellow), 90% (blue), 95% (red) a. 

The hazard ratio for a Cox proportional hazards model comparing the samples above 

and below the respective quartile (50%,75%,90%,95%) of genomically unstable samples 

to the remainder of the combined cohort adjusting for age, stage at diagnosis, HRD 

status and sub-cohort b. A hazard ratio of 1 indicates no effect, and a hazard ratio less 

than 1 indicates improved survival. 

 

Severity of Events 

 
In chapter 3, it is shown that cSVs contain a range of number of SVs within a cSV, as well 

as a ranges of size. To investigate if cSV at the extremes of the spectrum of severity 

(number of SV explained or size of the cSV) have an impact on survival, the top 25% 

most severely affected and the bottom 25% severely affected will be compared to the 
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rest of the samples with that cSV. 

 
The samples with the least severe chromoplexy as measured by number of SVs 

explained, showed the worst survival (Figure 61 b). However, this does not reach 

statistical significance when modelled (Figure 61 c). As chromoplexy consists of chains of 

translocation it does not have a biologically meaningful size. 

 
When measured by the number of structural variations (SVs), the least severe samples 

of breakage-fusion-bridge (BFB) had a significantly worse survival rate than the rest of 

the combined cohort, with more than three times the risk of death (Figure 62 b and c). 

Moreover, the most severe samples of BFB also had an increased risk of death compared 

to the rest of the combined cohort, although this difference did not reach statistical 

significance. 

 
When the size of the BFB was used as a measure of severity, the least severe samples 

also showed significantly worse survival, with an increased risk of death of 2.33 

compared to the rest of the combined cohort (Figure 62 e and f). Similarly, the most 

severe samples had an increased risk of death of 1.72 times compared to the rest of the 

combined cohort, but again, this difference did not reach statistical significance. 

 
The most and least severe rigma samples did not show a clear impact on survival when 

severity was measured by number of explained SVs (Figure 63 b and c). A similar trend 

was seen when severity was measured by size of cSV. However, the most severe rigma 

samples had increased risk of death (1.79) compared to the rest of the combined cohort 

but this failed to reach statistical significance (Figure 63 e and f). 

The most and least severe pyrgo samples did not show a clear impact on survival when 

severity was measured by number of explained SVs (Figure 64 b and c). When severity 

was measured by size of cSV both the most and least severe prygo samples had 

decreased risk of death (0.85) compared to the rest of the combined cohort but this 

failed to reach statistical significance as well (Figure 64 e and f). 
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The chromothripsis samples with the most severe impact, when measured by the 

number of explained SVs, showed better survival than the rest of the combined cohort, 

with less than half the risk of death (0.49) compared to the rest of the cohort. However, 

this difference did not reach statistical significance (Figure 65 b and c). On the other 

hand, the chromothripsis samples with the least severe impact had significantly worse 

survival than the rest of the combined cohort, with an increased risk of death of 2.45 

compared to the rest of the cohort (Figure 65 b and c). 

 
The most severely impacted chromothripsis samples when measured by size of 

chromothripsis, showed significantly better survival than the rest of the combined 

cohort and had a decreased risk of death with only 0.31 times the risk of death of the 

combined cohort (Figure 65 e and f). However, the least severely impacted 

chromothripsis samples did not show a significant impact on survival and had a 

decreased risk of death of 0.78 times compared to the rest of the combined cohort. 

 
When measured by number of explained SVs, the most and least severe ecDNA samples 

did not show a clear impact on survival compared to the combined cohort (Figure 66 b). 

However, after adjusting for age, stage, HRD, and cohort, the most severely impacted 

ecDNA samples showed a decreased risk of death (0.55) compared to the rest of the 

combined cohort, but this difference did not reach statistical significance (Figure 66 c). 

The least severely impacted ecDNA samples had increased risk of death (1.40) but this 

was also not significant (Figure 66 c). 
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When measured by size of ecDNA the most and least severe samples both had better 

survival than the rest of the combined cohort (Figure 66 e). The improved survival 

reaches statistical significance for the most severe ecDNA sample with a decreased risk 

of death of only 0.13 compared to the combined cohort (Figure 66 f). 

 
To investigate the survival impact of cSV severity, regardless of cSV type, the most 

severely impacted samples were compared to the rest of the–samples that contained at 

least one cSV (Figure 67 b - Figure 67 f). Four thresholds were initially test to define most 

severely impacted samples. These thresholds were as follows 50%,75%,90% and 95% of 

samples containing at least one cSV (Figure 67a). The resulting hazard ratio for the most 

severe cSV for each threshold tested showed that there is a general trend that the most 

severe cSV samples have lower risk (Hazard ratio < 1) compared to the rest of the 

combined cohort (Figure 67 b) It is hard to observe if a difference in survival in the 

Kaplan-Meier survival curve is significant (Figure 67 c). However, once age, stage, HRD 

and cohort have been corrected for being in the top 25% most severe cSV samples 

measured by number of SV is significantly better for survival (Figure 67 d). 

 
Four thresholds were initially tested to define most severely impacted samples by cSV 

size. These samples had cSV larger than 50%,75%,90% and 95% of samples containing at 

least one cSV (Figure 67 e). The trend across all threshold of severity measured by total 

size of cSV in samples is that the most severe samples have decreased risk of death 

(hazard ratio < 1) compared to the rest of the combined cohort (Figure 67 f). The Kaplan- 

Meier survival curve shows the top 25% most severely effect samples by size of cSV in 

the sample have significantly better survival than the rest of the combined cohort 

(Figure 67 g and h). 

 
In chapter 4, it was shown that the majority of clusters of SV remain unexplained by cSV. 

To investigate if the severity of cluster in a sample measured by number of clusters 

impacts survival, the top 25% most severely impacted and the bottom 25% least 

severely impacted samples were compared to the rest of the combined cohort. The 
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most severely impacted samples had the best survival compared to the rest of the 

combined cohort but this did not reach statistical significance (Figure 68 b and c). 

 

To measure severity, the total size of clusters was used. I compared the survival of the 

top 25% most severely impacted samples and the bottom 25% least severely impacted 

samples to the rest of the combined cohort. The least severe samples had the worse 

survival compared to the rest of the combined cohort but this did not reach statistical 

significance (Figure 68 e and h f). 



220  



221  

 

Figure 61 Chromoplexy severity and survival 

The distribution of severity of chromoplexy measured by number of SV Explained by 
chromoplexy in samples with chromoplexy. a The samples to the right of the red line are 
the top 25% most severity effected and the sample to the left Of the blue line are the 
25% least severely impacted. b A Kaplan-Meier survival curve for time after diagnosis 
for three groups the highest genomic instability (green), the least genomic instability 
(blue), and remainder of the combined cohort (red). c A Cox proportional hazards model 
comparing the survival of the samples most severely affected by chromoplexy (top 25%) 
to the samples least effected by chromoplexy (bottom 25%) adjusting for age, stage at 
diagnosis, HRD status and sub-cohort. 
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Figure 62 The least severe BFB show increased risk of death 

The distribution of severity of BFB measured By number of SV explained by BFB in 
samples with BFB. a The samples to the right of the red line are the top 25% most 
severity effected and the sample to the left Of the blue line are the 25% least severely 
impacted. b A Kaplan-Meier survival curve for time after diagnosis for three groups 
shown in a the most severely impacted (green), the least severely impacted (blue), and 
remainder of the combined cohort (red). c A Cox proportional hazards model comparing 
the survival of the samples most severely affected by BFB (top 25%) to the samples least 
effected by BFB (bottom 25%) adjusting for age, stage at diagnosis, HRD status and sub- 
cohort. d The distribution of severity of BFB measured by Mb covered by BFB in samples 
with BFB. The samples to the right of the red line are the top 25% most severity effected 
and the sample to the left Of the blue line are the 25% least severely impacted. e A 
Kaplan-Meier survival curve for time after diagnosis for three groups shown in d the 
most severely impacted (green), the least severely impacted (blue), and remainder of 
the combined cohort (red). f A Cox proportional hazards model comparing the survival 
of the samples most severely affected by BFB (top 25%) to the samples least effected by 
BFB (bottom 25%) adjusting for age, stage at diagnosis, HRD status and sub-cohort. 
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Figure 63 Rigma severity and survival 

The distribution of severity of rigma measured by number of SV explained by rigma in 
samples with rigma. a The samples to the right of the red line are the top 25% most 
severity effected and the sample to the left Of the blue line are the 25% least severely 
impacted. b A Kaplan-Meier survival curve for time after diagnosis for three groups 
shown in a the most severely impacted (green), the least severely impacted (blue), and 
remainder of the combined cohort (red) c. A Cox proportional hazards model comparing 
the survival of the samples most severely affected by rigma (top 25%) to the samples 
least effected by rigma (bottom 25%) adjusting for age, stage at diagnosis, HRD status 
and sub-cohort. d The distribution of severity of rigma measured by Mb covered by 
rigma in samples with rigma. The samples to the right of the red line are the top 25% 
most severity effected and the sample to the left Of the blue line are the 25% least 
severely impacted. e A Kaplan-Meier survival curve for time after diagnosis for three 
groups shown in d the most severely impacted (green), the least severely impacted 
(blue), and remainder of the combined cohort (red). f A Cox proportional hazards model 
comparing the survival of the samples most severely affected by rigma (top 25%) to the 
samples least effected by rigma (bottom 25%) adjusting for age, stage at diagnosis, HRD 
status and sub-cohort. 
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Figure 64 Pyrgo severity and survival 

a The distribution of severity of pyrgo measured by number of SV explained by pyrgo in 
samples with pyrgo. The samples to the right of the red line are the top 25% most 
severity effected and the sample to the left Of the blue line are the 25% least severely 
impacted. b A Kaplan-Meier survival curve for time after diagnosis for three groups 
shown in a the most severely impacted (green), the least severely impacted (blue), and 
remainder of the combined cohort (red). c A Cox proportional hazards model comparing 
the survival of the samples most severely affected by pyrgo (top 25%) to the samples 
least effected by pyrgo (bottom 25%) adjusting for age, stage at diagnosis, HRD status 
and sub-cohort. d The distribution of severity of pyrgo measured by Mb covered by 
pyrgo in samples with pyrgo. The samples to the right of the red line are the top 25% 
most severity effected and the sample to the left Of the blue line are the 25% least 
severely impacted. e A Kaplan-Meier survival curve for time after diagnosis for three 
groups shown in d the most severely impacted (green), the least severely impacted 
(blue), and remainder of the combined cohort (red). f A Cox proportional hazards model 
comparing the survival of the samples most severely affected by pyrgo (top 25%) to the 
samples least effected by pyrgo (bottom 25%) adjusting for age, stage at diagnosis, HRD 
status and sub-cohort.  
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Figure 65 Increased chromothripsis severity show a decrease in risk of death 

a The distribution of severity of chromothripsis measured by number of SV explained by 
chromothripsis in samples with chromothripsis. The samples to the right of the red line 
are the top 25% most severity effected and the sample to the left Of the blue line are 
the 25% least severely impacted. b A Kaplan-Meier survival curve for time after 
diagnosis for three groups shown in a the most severely impacted (green), the least 
severely impacted (blue), and remainder of the combined cohort (red). c A Cox 
proportional hazards model comparing the survival of the samples most severely 
affected by chromothripsis (top 25%) to the samples least effected by chromothripsis 
(bottom 25%) adjusting for age, stage at diagnosis, HRD status and sub-cohort. d The 
distribution of severity of chromothripsis measured by Mb covered by chromothripsis in 
samples with chromothripsis.The samples to the right of the red line are the top 25% 
most severity effected and the sample to the left Of the blue line are the 25% least 
severely impacted. e A Kaplan-Meier survival curve for time after diagnosis for three 
groups shown in d the most severely impacted (green), the least severely impacted 
(blue), and remainder of the combined cohort (red). f A Cox proportional hazards model 
comparing the survival of the samples most severely affected by chromothripsis (top 
25%) to the samples least effected by chromothripsis (bottom 25%) adjusting for age, 
stage at diagnosis, HRD status and sub-cohort. 
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Figure 66 ecDNA severity and survival 

a The distribution of severity of ecDNA measured by number of SV explained by ecDNA 
in samples with ecDNA. The samples to the right of the red line are the top 25% most 
severity effected and the sample to the left Of the blue line are the 25% least severely 
impacted. b A Kaplan-Meier survival curve for time after diagnosis for three groups 
shown in a the most severely impacted (green), the least severely impacted (blue), and 
remainder of the combined cohort (red). c A Cox proportional hazards model comparing 
the survival of the samples most severely affected by ecDNA (top 25%) to the samples 
least effected by ecDNA (bottom 25%) adjusting for age, stage at diagnosis, HRD status 
and sub-cohort. d The distribution of severity of ecDNA measured by Mb covered by 
ecDNA in samples with ecDNA. The samples to the right of the red line are the top 25% 
most severity effected and the sample to the left Of the blue line are the 25% least 
severely impacted. e A Kaplan-Meier survival curve for time after diagnosis for three 
groups shown in d the most severely impacted (green), the least severely impacted 
(blue), and remainder of the combined cohort (red). f A Cox proportional hazards model 
comparing the survival of the samples most severely affected by ecDNA (top 25%) to the 
samples least effected by ecDNA (bottom 25%) adjusting for age, stage at diagnosis, HRD 
status d sub-cohort.
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h 
 

Condition 
Age 

 
Stage N=192 

Hazard ratio 
1.01 

(0.99-1.03) 
1.40 

(0.99-1.97) 

Reference 

P value 
0.230 

Forest plot 

N=192 

0.054 

HRD 

Cohort 

Absent 
N=95 

Present 
N=97 

SHGSOC 
N=58 
AOCS 
N=59 
BCCA 
N=33 
TCGA 
N=22 

Bottom 
N=144 

Top 
N=48 

0.50 
(0.35-0.72) 

Reference 

0.001 

1.41 
(0.89-2.22) 

0.59 
(0.34-1.02) 

1.28 
(0.74-2.20) 
Reference 

0.143 

0.056 

 
0.378 

cSV Severity 

0.47 
(0.30-0.76) 

0.002 
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Figure 67 Increased total complex structural variant severity decrease risk of death 

a The distribution of severity of all cSVs as measured by the total number of sv 
explained by any cSV in the sample with four lines show the quartile For 50% (green), 
75% (yellow), 90% (blue), 95% (red). b The hazard ratio for a Cox proportional hazards 
model comparing the samples above and below the respective quartile 
(50%,75%,90%,95%) of genomically instable samples to the remainder of the combined 
cohort adjusting for age, stage at diagnosis, HRD status and sub-cohort. A hazard of 1 
represent no effect and hazard ratios of less than 1 represent improved survival. c A 
Kaplan-Meier survival curve for time after diagnosis for two groups the most severely 
impacted 25% (blue), and remainder of the combined cohort (red). d A Cox proportional 
hazards model comparing the survival of the samples most severely affected by all cSVs 
(top 25%) to the remainder of the combined cohort adjusting for age, stage at diagnosis, 
HRD status and sub-cohort. e The distribution of severity of all cSVs as measured by the 
size of the genome impacted by any cSV in the sample with four lines show the quartile 
For 50% (green), 75% (yellow), 90% (blue), 95% (red). f The hazard ratio for a Cox 
proportional hazards model comparing the samples above and below the respective 
quartile (50%,75%,90%,95%) of genomically instable samples to the remainder of the 
combined cohort adjusting for age, stage at diagnosis, HRD status and sub-cohort. A 
hazard of 1 represent no effect and hazard ratios of less than 1 represent improved 
survival. g A Kaplan-Meier survival curve for time after diagnosis for two groups, the 
most severely impacted 50% (blue), and remainder of the combined cohort (red). h A 
Cox proportional hazards model comparing the survival of the samples most severely 
affected by all cSVs (top 25%) to the remainder of the combined cohort adjusting for 
age, stage at diagnosis, HRD status and sub-cohort. 
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Figure 68 Severity of simple clustering and survival 

a The distribution of severity of clusters measured by number of clusters in samples The 

samples to the right of the red line are the top 25% most severity effected and the 

sample to the left Of the blue line are the 25% least severely impacted. b A Kaplan- 

Meier survival curve for time after diagnosis for three groups shown in a the most 

severely impacted (green), the least severely impacted (blue), and remainder of the 

combined cohort (red). c A Cox proportional hazards model comparing the survival of 

the samples most severely affected by clusters (top 25%) to the samples least effected 

by clusters (bottom 25%) adjusting for age, stage at diagnosis, HRD status and sub- 

cohort. d The distribution of severity of clusters measured by Mb covered by clusters in 

samples. The samples to the right of the red line are the top 25% most severity effected 

and the sample to the left Of the blue line are the 25% least severely impacted. e A 

Kaplan-Meier survival curve for time after diagnosis for three groups shown in d the 
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most severely impacted (green), the least severely impacted (blue), and remainder of 

the combined cohort (red). f A Cox proportional hazards model comparing the survival 

of the samples most severely affected by clusters (top 25%) to the samples least 

effected by clusters (bottom 25%) adjusting for age, stage at diagnosis, HRD status and 

sub-cohort. 
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Discussion 

 

In the vast majority of studies involving cSV, only one type of cSV has been studied 

(Forment, Kaidi, and Jackson 2012; Z. Li et al. 2022), and some recent pan-cancer studies 

a few cSV types were studied (The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes 

Consortium (organisiation/Ins et al. 2020; Kim et al. 2020; Cortés-Ciriano, Lee, Xi, Jain, 

Jung, Yang, et al. 2020; Hadi et al. 2020). The work presented here provides the most in- 

depth analysis of a single uniformly procIssed cohort of a single cancer type, focusing on 

the impact of all currently reported cSV types and also the variation in severity of cSVs. 

 
While the literature suggests that cSVs can have significant impacts on survival, this 

chapter demonstrates that the presence of any of the eight types of cSV studied did not 

lead to significantly worse or better survival in the combined cohort of HGSOC (Figure 51 

– Figure 58) (Fontana et al. 2018; Forment, Kaidi, and Jackson 2012; Kloosterman, 

Koster, and Molenaar 2014; Magrangeas et al. 2011; Molenaar et al. 2012; Hadi et al. 

2020; Qi, Li, and Sun 2016; Biswas et al. 2021). There are various factors that could 

account for these differences, including cancer type-specific effects, the use of different 

cSV definitions, and adjustments for different variables. Notably, HRD was found to be 

significantly mutually exclusive with cSV and has a protective impact on survival, so it is 

possible that genome-wide phenomena such as HRD could have confounded previous 

studies. 

 
The effect of ecDNA on survival could not be separated from the cohort effect on 

survival as the majority of ecDNA found in samples were found in the AOCS cohort 

(Figure 58). The AOCS study, unlike the rest of the combined cohort, is enrchied for 

patients that did not respond to treatment and has been shown to have the worst 

survival of any of the sub-cohorts that make up the combined cohort (Figure 48). There 

was also no effect of cSV on progression free survival for any of the cSVs investigated 

(Figure 72 in Appendix). 

 

The genes most frequently affected by cSV were olfactory and testis genes, which are 

often regarded as potential cancer biomarkers due to their low expression in most 
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tissues (Weber et al. 2018; Gjerstorff and Ditzel 2008). Genes whose expression is 

regulated by the PAX8 transcription factor were also repeatably found to have 

decreased expression in samples with cSV. This may suggest that treatments targeting 

PAX8 might be less effective in treating tumours with that cSV (C. Liu 2022). 

 
Garsed et al. reported that an increased number of SV was associated with better 

survival time in a study of 126 HGSOC patients, including 60 patients with exceptionally 

long survival time after diagnosis (>10 years) (Garsed et al. 2022). In this chapter, the 

numbers of SV per sample demonstrated a similar trend but did not reach statistical 

significance (Figure 59). 

 
Although the presence of cSV did not indicate better or worse survival, there was a 

trend that samples with more severe cSV had better survival. In cases where BFB 

severity was measured by size, this trend reached statistical significance. The analysis 

revealed that samples with the shortest BFB events had significantly worse survival 

compared to samples with longer BFB regions (Figure 62). The longest regions of 

chromothripsis also showed significantly better survival relative to other samples with 

chromothripsis. Similarly, samples with chromothripsis events containing fewer SV had 

significantly worse survival (Figure 65), again suggesting the most severe events of 

chromothripsis (containing more SV) are better for patient survival. When all cSV types 

were combined, samples with the most SV explained by cSV (in the top 25%) had 

significantly better survival than the remaining samples. Furthermore, the trend of 

larger complex regions being associated with better survival was observed when the 

total length of cSV per sample was tested. Overall this suggests that cSV burdens, 

whether measured by total genomic length or number of SVs involved, may be a 

valuable prognostic biomarker in HGSOC. 

 
In chapter 4, it was noted that the majority of complexity in samples remains 

unexplained as most SV clusters (defined as unexpected clusters of simple SVs by Li et al 

(2020)) present in HGSOC samples were not explained by cSV. In this chapter it was 
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shown that the numbers of these clusters and the total length encompassed by these 

clusters did not have a significant impact on survival (Figure 68). It therefore seems that 

although these SV clusters have similar features in common with cSV, their variation in 

severity does not have the same impact on patient survival. 
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Chapter 6: Discussion 

 

Complex structural variants (cSV) can result in massive genomic changes, potentially 

involving thousands of structural variants (SVs) across multi-megabase regions of the 

genome. Yet, the study of cSVs has usually been fragmented, often with a focus on a 

single or small number of cSV types. By investigating eight different cSV types 

simultaneously and utilizing the largest uniformly processed WGS cohort of HGSOC 

cases (n=324), this work has made several novel observations. 

 
Pathways to Genomic Instability 

 
There are two broadly divergent routes to the extreme structural variation seen in 

HGSOC, involving either the acquisition of HRD or the emergence of WGD with 

associated cSV (Figure 24). The results from chapter 3 demonstrate these divergent 

routes as non-mutually exclusive trends, where samples with HRD showed a depletion 

of cSV of all types, except for chromoplexy, (Table 6, Figure 27). Additionally, cSV types 

showed enrichment in samples with WGD, particularly chromothripsis and BFB (Table 5, 

Figure 26). WGD was also found to be significantly depleted in samples with HRD (Table 

7). The depletion of WGD in samples with HRD, which is known to have improved 

survival, could explain why Bielski et al. reported worse survival for samples with WGD 

than samples without WGD pan-cancer (including 217 ovarian samples) (Bielski et al. 

2018). Once adjusted for HRD and other covariates, WGD did not demonstrate a 

significant impact on survival in the combined cohort examined here (Figure 50). 

 
Complex Structural Variants and Patient Survival 

 

Once HRD and WGD had been adjusted for, the occurrence of cSV had no significant 

impact on survival in the combined cohort (Figure 51-Figure 58). In the literature, a 

positive or negative survival impact of the mere presence of cSV is often reported 

(Fontana et al. 2018; Forment, Kaidi, and Jackson 2012; Kloosterman, Koster, and 

Molenaar 2014; Magrangeas et al. 2011; Molenaar et al. 2012; Skuja et al. 2017; 
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Adelman and Martin 2021; Kim et al. 2020; Robert and Crasta 2022; Shah et al. 2021; 

Bailey et al. 2020). This discrepancy may be due to cancer type-specific events or not 

adjusting for the presence of genome-wide phenomena such as HRD, which is known to 

have a positive impact on survival in HGSOC. 

 
In the specific case of ecDNA, any impact on survival could not be isolated from the 

effect of cohort membership (Figure 58). This is because, the majority of the samples 

with ecDNA in the combined cohort were identified in the AOCS sub-cohort which is 

biased to patients that did not respond to treatment (Figure 21). The AOCS sub-cohort 

had worse survival than the rest of the sub-cohorts (Figure 48) and in this work any 

survival impact of ecDNA was confounded by the cohort effect (Figure 58). 

 

Although the presence of cSV by itself did not show any impact on survival, a difference 

was found between most and least severely impacted samples with cSVs (Figure 67). 

The severity of a cSV could be described by the number of SV involved or by the total 

genomic length of the cSV. – 

 

 

Chromosome 19 - a Hotspot for cSVs in HGSOC 

 
Chromosome 19 is a hotspot of cSV with chromothripsis, BFB and ecDNA all being 

enriched and having peaks near to the CCNE1 locus. While the enrichment of a specific 

cSV type on chromosomes has been previously reported, this is the first time that the 

enrichment of multiple cSV types on a single chromosome has been documented 

(Cortés-Ciriano, Lee, Xi, Jain, Jung, Zhang, et al. 2020). 

 
BFB amplifications on chromosome 19 not only resulted in the amplification of the well- 

known oncogene CCNE1, but also led to a greater increase in CCNE1 copy number than 

simple duplications at the same locus (Figure 41). However, this did not translate to a 

significant impact on survival time for samples with BFB amplified CCNE1 (Figure 55). 
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Genomic Instability and the occurrence of cSVs 

 
The genomic instability of a sample could be approximated by the number and size of SV 

and copy number changes (CNVs). Interestingly, it was observed that samples with a 

higher level of genomic instability did not necessarily have an increased likelihood of 

possessing a cSV once the SV accounted for by the cSV had been adjusted for. Therefore, 

samples with cSV are not just extreme outliers on the spectrum of structural complexity, 

but appear to represent distinct events, even on the background of frequent structural 

alterations seen in HGSOC. 

 

Despite identifying a broad range of cSV, the majority of putative complex events (seen 

as significant SV clusters) in HGSOC remain unexplained. These unexplained SV clusters 

also exhibited key features of known cSV types, such as oscillation of copy number 

(Figure 32) which is unlikely to be generated by sequential rearrangement (Korbel and 

Campbell 2013). Overall, the number and size of these unexplained SV clusters did not 

have a significant impact on survival (Figure 68) but the large number of unexplained SV 

clusters suggests new cSV events may remain to be discovered. 

 
The Future of Complex Structural Variant Research 

 

The study of cSV is in its infancy. However, by looking at how research into better- 

understood genomic features has progressed, the future of cSV research can be 

anticipated. HRD is a well-understood molecular deficiency resulting in a well-defined 

pattern across the genome. Recent work has developed an accurate caller for HRD called 

HRDdetect, which specializes in calling HRD in breast cancer tissues (Davies et al. 2017), 

but an alternative algorithm known as CHORD claims to more accurately detect HRD 

across all tumour types (Nguyen et al. 2020). The detection methods for cSV are yet to 

be standardized in a single cancer type, let alone developed to encompass pan-cancer 

data. In addition, the algorithms used for identification of cSVs often rely upon heuristic 

approaches and arbitrary numerical thresholds, such as the threshold of 7 interleaved 

SV calls for the detection of chromothripsis used by the Shatterseek algorithm (Figure 6). 

Inevitably the thresholds that are appropriate in one tumour type may be less 
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appropriate in another. 

 
HRD is not the only well understood source of genomic variation, and the COSMIC 

database has catalogued genome-wide signatures of SNV which have well understood 

underlying mechanisms, cancer specificities and even risk factors (Alexandrov et al. 

2020; Otlu et al. 2022). Although cSV research is far from identifying signatures with this 

level of understanding, the recent development of the Starfish algorithm was an 

important step towards identifying mutational signatures for cSV research and linking 

underling mutational processes to cSVs (Bao et al. 2022). 

 
Long Read Sequencing 

 
The future of cSV research is intertwined with developments in DNA sequencing 

technologies such as long read sequencing (LRS). LRS technologies being developed by 

Oxford Nanopore Technologies (ONT) and Pacific Biosciences (PacBio) may advance cSV 

research in two ways: by allowing phasing of SV across the genome and by improving 

the mappability of reads and variant calling (van Belzen et al. 2021). LRS has been 

reported to be able to detect 3-4 times more germline SVs than short read sequencing 

(SRS) within normal human genomes (De Coster and Van Broeckhoven 2019; Audano et 

al. 2019; Chaisson et al. 2019). This increase is driven by an increased ability to map 

repetitive and GC rich regions of the genome, so is unlikely to translate to a 3-4 fold 

increase in the detection of somatic SV in cancer genomes (Chaisson et al. 2014; Audano 

et al. 2019; Chaisson et al. 2019), but the combination of LRS and SRS technologies will 

undoubtedly shed new light on cSV structures. 

 
The work in this thesis focuses on utilising SRS to identify cSV. This technology utilises 

reads ~ 250bp long meaning that if two SV occur more than 250 bp apart, there is some 

degree of uncertainty as to whether they are affecting the same DNA molecule. Phasing 

of SV is now possible with LRS approaches due to the long length of LRS reads, with 

reports of reads up to 2.3Mb in length (Payne et al. 2019) and a report of 4.2MB by an 

internal ONT run which has not been peer reviewed (Nanopore 2021). These very long 
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reads are possible as the length of a run is only limited by the size of DNA molecules 

provided to the sequencing device (Amarasinghe et al. 2020). Phasing is important 

because cSV are essentially clusters of SV and CNV, and if the SV/CNV are on different 

DNA molecules then they are not clustered in reality (Lin et al. 2022). Phasing becomes 

more important and challenging as cancer genomes undergo WGD going from diploid to 

tetraploid, which we have seen is common in tumour types such as HGSOC. 

 
LRS technologies also allow for the investigation of the relationship between cSV and 

methylation, which is currently poorly studied. However, LRS is not without is 

disadvantages, its base calling accuracy of ~85% is low compared to the ~99% accuracy 

of SRS. For this reason, approaches combining SRS and LRS have been utilized. For 

example, phased SV information has been used to identify a single “chromothripsis like 

event” in a sample from a cohort of 20 non-small cell lung cancer samples using a 

combination of SRS and LRS (Sakamoto et al. 2022). This study also reported that the 

chromothripsis like region was hypomethylated (Sakamoto et al. 2022) revealing a new 

impact of cSV on gene function. 

 
Larger Cohorts 

 

Larger cohorts of whole genome sequenced cancer samples will benefit all areas of 

cancer research including cSV research. As the size of WGS cancer cohorts continues to 

increase, it is likely that new cSV will become identifiable resolving more of the currently 

unexplained complexity. Additionally, it may be that cSV currently grouped into one type 

will be split into sub-groups as the large amount of heterogeneity may be masking 

patterns of complexity. By separating cSV from the heterogeneous groups currently 

defined into more uniform groupings, the survival impacts and functional effects of cSV 

may also become clearer and more interpretable. 

 
Conclusion 

This work has analysed the largest uniformly processed HGSOC cohort for a broad range 

of currently known cSV types. There were several novel results, including the discovery 
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of two broad routes to genomic variation, a hotspot of multiple cSV types on 

chromosome 19, and improved survival for samples with the most severe cSV events. 

This work has also highlighted that the majority of structural complexity within HGSOC 

remains unexplained. 

 
As the phasing of SV becomes more accurate with LRS and cohorts of cancer samples 

increase in size, new cSVs are likely to be identified, and current cSV types may be 

subdivided into more consistent cSV types. However, these new classifications will not 

be useful unless they are consistently applied with standardized detection criteria 

appropriate for the cancer type being studied. As approaches to the detection of cSV 

become less heterogeneous between studies, their impact on cancer genomes may 

become easier to interpret. 
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Appendix 

 
Overlap of CCNE1 and BFB 

 

 

Figure 69 Overlap of CCNE1 and BFB 

The result of circular permutation between BFB regions and the CCNE1 gene. 
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b 
 Median IQR 

Samples without WGD and disrupted LSAMP 71.09 180.29 
Samples with WGD and disrupted LSAMP 69.01 170.09 

Samples without WGD and without disrupted LSAMP 125.43 344.27 

Samples with WGD and without disrupted LSAMP 77.51 309.9 

Figure 70 Impact on LSAMP Gene Expression of disruption and whole genome doubling 

The normalised reads per million for LSAMP split in to four groups sample with disrupted 
LSAMP but without whole genome doubling (WGD), samples with WGD and disrupted 
LSAMP, samples without disrupted LSAMP or WGD, and samples with WGD and 
undisrupted (a). summary statistics for median and interquartile range (b). A Wilcoxon 
test was used to test if there were any significant difference in expression between 
group and none were significant. 
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Structural Variants Simple and clustered 

 

Figure 71 Structural variant classification 

across the combined cohort 

The number of SV in each sample of the combined cohort classified into seven groups; 
clustered SV where at least 50% of breakpoints are within a cSV region (pink), clustered 
SV where at least 50% of breakpoints not are within a cSV region (purple), un-clustered 
insertions (blue), un-clustered Inversions (teal), un-clustered translocations (green), un- 
clustered duplications (gold), and un-clustered deletions (red). The samples were 
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ordered from samples with the greatest umber SV explained by cSV to fewest. The 
number of SV for each classification is shown in a table (b) 
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Figure 72 Progression free survival time 

For each of the samples with and without cSV of eight types a Kaplan-Meier survival 

curve for progression free survival time after diagnosis is part i for panels a to h. The 

eight cSV investigated are; chromothripsis (a), Rigma (b), Pyrgo(c), chromoplexy (d), BFB 

(e), tyfonas (f), seismic amplification (g), and ecDNA (h). A Cox proportion hazard model 

comparing impact on progression free survival time after diagnosis adjusting for age, 

stage at diagnosis, HRD status, and WGD a hazard ratio of 1 (no effect) is shown by a 

dashed line in part ii for panels a to h. Multiple testing correction by Benjamini and 

Hochberg was performed on all p values. 

SNVs, Indels, Survival and cSV 
 

 
Figure 73 Survival after diagnosis 

Histogram displaying the survival time after diagnosis. The red line show the cut off to 
be the 25% of samples with the shorted survival time. The blueline show the cut off to 
be the 25% of samples with the longest survival time. 
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Figure 74 Survival, Indels, SVs and, SNVs ordered by SNV number 

Samples ordered by number of single nucleotide variants (SNVs) with the greatest on 
the right coloured by survival group the top 25% longest surviving (Blue) the bottom 
25% shortest surviving (red) and the rest of the combined cohort (Green) (a). The 
survival time after diagnosis in days of each sample (b). The number of SNV in each 
sample (c). The number of indels in each sample (e). The number of SNVs in a samples 
coloured by SNV type inversion (Gray), translocations (Blue), duplications (Red), 
Deletions (dark green). 
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Figure 75 Survival, Indels, SVs and, SNVs ordered by Indels number 

Samples ordered by number of indels in a sample with the greatest on the right coloured 
by survival group the top 25% longest surviving (Blue) the bottom 25% shortest surviving 
(red) and the rest of the combined cohort (Green) (a). The survival time after diagnosis 
in days of each sample (b). The number of SNV in each sample (c). The number of indels 
in each sample (e). The number of SNVs in a samples coloured by SNV type inversion 
(Gray), translocations (Blue), duplications (Red), Deletions (dark green). 
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Figure 76 Survival, Indels, SVs and, SNVs ordered by Survival 
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Samples ordered by the survival time after diagnosis in a sample with the greatest on 
the right coloured by survival group the top 25% longest surviving (Blue) the bottom 
25% shortest surviving (red) and the rest of the combined cohort (Green) (a). The 
survival time after diagnosis in days of each sample (b). The number of SNV in each 
sample (c). The number of indels in each sample (e). The number of SNVs in a samples 
coloured by SNV type inversion (Gray), translocations (Blue), duplications (Red), 
Deletions (dark green). 

Chromosomal arm loss
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 Figure 77 Impact of chromosome arm loss on survival 

The frequency of chromosome arm amplification in samples with significant 

amplification shown in red a. The frequency of chromosome arm deletion in samples 

with significant deletion shown in blue b. Predictions of chromosome arm amplification 

or deletions where performed using GISTIC by Ailith Ewing (Mermel et al. 2011). For. 

each of the significantly amplified or deleted chromosome arms the impact on survival 

of amplification(green), deletion(blue) or neutral (red) arm changes are shown in a 

Kaplan-Meier survival curve for time after diagnosis in part i for panels c to ac A Cox 

proportion hazard model comparing impact on survival of amplification or deletion to 

neutral arm changes adjusting for age, stage at diagnosis, HRD status, and WGD a hazard 

ratio of 1 (no effect) is shown by a dashed line in part ii for panels c to ac. Multiple 

testing correction by Benjamini and Hochberg was performed on all p values. 
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Supplementary files 

 
Sample level calls of cSV: 
Description of all the cSV found per sample. 

 

Region level calls of cSV: 
Description of all the cSV found per sample with chromosome, start and end. 

 

Severity of cSV: 
Number of SV explained by each cSV type per sample 



333  

 
 
 
 

“Don’t be nervous, you don’t have to fight them.”- Mum 
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